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Physical activity is a constant in life, prolonging since the primordial times until now as
an intrinsic element of human condition, though his character have suffered a transmutation,
going from a need, by the predatory nature of the human being, for an option in escaping
sedentary habits of contemporary society.
Despite the enormous benefits of sports practice, there are also some negative conse-
quences associated, namely the emergence of muscular injuries provided by the installation
of fatigue, due to an overload on time or in the intensity of training.
The consequences of an injury are drastic, conditioning the quotidian of the injured
and carrying high costs for the health system, establishing this problem as the starting
point of the present work.
Although investigations on this subject have recently appeared, yet is not common to
find commercial solutions for evaluating fatigue and with the capability of warning the
user about the risk of injury.
In order to avoid the fatigue consequences, is proposed the implementation of a com-
putational system for physiological signal processing - Electromyographic (EMG) and
Electrocardiographic (ECG) - extracting multiple indexes with informative potential at
fatigue level.
There is provided an automatic evaluation of the state of fatigue assured by the
definition of a Global Fatigue Index that synthesises information from distinct individual
fatigue indexes and implementation of a Classification System, with the capability of
giving to the user the indication if the physical activity is originating the approximation
or deviation from fatigue state.
The computer system was built for a future integration as a plugin on a signal ac-
quisition software. This framework is a specialized tool for acquiring and processing of
the physiological signals collected in equipments such as bitalino and biosignalsplux, being
directed to the practice of indoor cycling.
Keywords: Online Processing; Offline Processing; Biosignals; Monitoring of Fatigue Levels;




A atividade física é uma constante da vida, prolongando-se desde os tempos primordiais até
à atualidade como um elemento intrínseco à condição humana, embora o seu caráter tenha
sofrido uma transmutação, passando de uma necessidade, pela natureza predatória do
ser-humano, para uma opção na fuga aos hábitos sedentários da sociedade contemporânea.
Apesar dos enormes benefícios da prática desportiva também existem consequências
negativas associadas, nomeadamente o surgimento de lesões musculares pela instalação de
fadiga, em virtude de uma sobrecarga no tempo ou na intensidade do treino.
As consequências de uma lesão são drásticas, condicionando o quotidiano do lesado e
acarretando custos elevados para o próprio e para o sistema de saúde, estabelecendo-se
esta problemática como o ponto de partida do presente trabalho.
Apesar de recentemente terem surgido investigações sobre esta temática, ainda não são
comuns as soluções comerciais para avaliação da fadiga e com a capacidade de alertar o
utilizador sobre o risco de lesão.
De modo a procurar evitar as consequências da fadiga, apresenta-se a implementação de
um sistema informático de processamento de sinais fisiológicos - Eletromiográficos (EMG)
e Eletrocardiográficos (ECG) - recorrendo à extração de múltiplos índices com potencial
informativo do nível de fadiga.
Disponibiliza-se uma avaliação automática do estado de fadiga, assegurada pela de-
finição de um Índice Global da Fadiga que sumariza a informação de múltiplos índices
individuais e por um Sistema de Classificação Binário, que indica ao utilizador se a ativi-
dade física está a originar uma aproximação ou afastamento do estado de fadiga.
O sistema informático foi construido de modo a ser integrado como um plugin num
software de aquisição de sinais, que se estabelece como uma solução especializada para
aquisição e processamento dos sinais fisiológicos recolhidos por equipamentos como o
bitalino e biosignalsplux, sendo direcionado para a prática de ciclismo indoor.
Palavras-chave: Processamento Online; Processamento Offline; Biosinais; Monitorização
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Convex Hull Corresponds to an area (2D space) or a volume (3D space) that includes
all the points in analysis. It has the particularity that any pair of these
points, can be connected to each other by a line totally contain inside
the area/volume.
Dygraph A JavaScript charting library. At the present work, this word, is also
used for referring the object produced by the constructor contained in
this library.
Ergometer A device structurally similar to a bicycle, ideal to execute indoor training
programs and stress tests, considering that is possible to increase or
decrease the pedal resistance (and consequently the difficulty of the
exercise) by digitally specifying the load and the target power.
Goniometer A measure instrument for determination of the angle formed between
two lines. Specifically, in biomechanics, it is used to measure the range
of motion at a joint.
Scalogram Bidimensional structure that synthesizes the process of signal decompo-
sition, using the Wavelet Transform. Has dimensions of time, frequency
and intensity of each wavelet (through a color scale).
Tachogram Defines a time-series that describes the evolution of RR interval dura-
tion along the electrocardiographic (ECG) data acquisition. With this
resource, the analyser can interpret the ECG data in a higher level of
abstraction, by studying only the periodicity of the cardiac signal.
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V CO2 Rate of carbon dioxide released in breath (volume/time).
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V O2max Represents the maximum rate of oxygen consumption when the subject
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where the difficulty of the task is gradually incremented.
V T1 Like V O2max, this parameter can be determined during an incremen-
tal test and defines the imbalance point where the ventilation rate be-














Scientific advances observed throughout history have, to a large extent, stemmed from
human curiosity and the ability to accept challenges whose solutions define the boundaries
of what is possible.
The development that has taken place in the field of medicine is one of these examples,
corroborated by the increase in average life expectancy and in the quality of life itself, not
only in the Western world, where every European citizen tends to live for around 80.6
years on average [1], but also at a global level, with the differences between developed and
developing countries becoming smaller and smaller. A prime example of this is India, where
average life expectancy has increased from 23 years to 68 years over the last century [2].
Going only a few decades back, it is possible to see that there were considerable obstacles
to clinical practice, which were partly caused by the difficulties associated with observing
the inside of a living body. Knowledge of this environment was therefore essentially
obtained through post-mortem examinations.
As a result of the developments that took place at the end of the 19th century and
during the 20th century [3–6], with the creation of medical imaging systems, the inside of
the body ceased to be terra incognita.
In parallel, signal acquisition systems were developed on the basis of internal physio-
logical phenomena, namely Electrocardiographic (ECG) and Electromyographic (EMG)
systems, spurred on by the essential work of Willem Einthoven and Louis Lapicque in the
early 20th century [7, 8].
Both procedures make it possible to record and monitor the electrical activity generated
and transmitted by the human body, this activity being essential for the communication




However, ECG and EMG systems have gradually ceased to apply exclusively to clinical
contexts, and have started to be used in people’s day-to-day lives, particularly in occu-
pational and sports settings, enabling the reaction displayed by the body in physically
demanding situations to be understood through preventive and not so reactive monitoring.
Some may believe that there is a behavioural tendency, on the part of amateur and
professional sports-people, to find physiological monitoring solutions which ultimately allow
their physical performance to be analysed.
There are good indicators of the growth potential of these systems on the intelligent
monitoring device market [9].
By way of example, is expected that a considerable increase in revenue linked to
wearable products take place, which include physiological monitoring devices: the number
of devices should increase from 335 million in 2016 to around 835 million in 2020 [10],
owing to the recent investment on the part of technology companies in smartwatches, which
include many of the features of conventional fitness trackers [11].
In terms of revenue by 2021, the current 30 660 million dollars may increase to 37
280 million dollars, with a growth of approximately 21% [12], the market of smart-clothes
becoming increasingly dominant [13].
All of these facts give a substantial boost to research and innovation into physiological
monitoring systems, and it is within this context that this thesis falls.
In addition to commercial appeal, which is an important factor in the sustainability
of technological projects, there is one key motivation which is decidedly more in line with
the duties and ethics of biomedical engineering.
Despite the fact that practising sport has clear reported benefits, it can also cause
problems, such as muscular lesions, preventing training from continuing and leading to
intervals which considerably hinder the athlete’s progress [14].
Fatigue is thought to be one of the mechanisms that contribute to injury [15], and
therefore monitoring devices with the capacity to predict and quantify this state may be
the next step in the evolution of physiological monitoring systems.
Scientists have been trying to evaluate this state for some decades now and a number
of studies exist in this area [16–26] , however, it is still uncommon for this research to
be applied to sports contexts, particularly as part of real-time monitoring or processing,
and the studies essentially end up serving academic purposes, meaning that commercial
opportunities are virtually unexplored [16].
The BSX Insight™ device may be considered to be a recent example of this type of
solution. It determines the athlete’s lactate threshold based on an optical near-infrared
spectroscopy system (NIRS) and infers the level of muscle oxygenation using a specific
model, giving it high future potential in terms of quantifying the development of muscular
fatigue over the course of the exercise session [27, 28].
The current environment may be conducive to the development of devices for evaluating
fatigue, stimulating scientists to propose a solution that combines information (fatigue
indexes) from multiple types of physiological signals, like EMG and ECG.
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1.2. OBJECTIVES TO BE ACHIEVED
A fatigue monitoring system may have an incredibly beneficial impact, in terms of
sport, if it has the capacity to alert the user when he or she is experiencing problematic
levels of fatigue.
This preventive potential will reduce the number of injuries being, therefore, a major
motivation prior to and during this project implementation.
1.2 Objectives to be Achieved
The main objective of this project is to implement a computer system with the capacity
to objectively evaluate fatigue in a sports context.
However, it became necessary to reduce the abstraction of this objective, which has
been broken down into the following specific objectives:
• Preparation of an experimental protocol, for the isolated study of the “fatigue” vari-
able and corresponding approval by an external body (Ethical Council);
• Implementation of an algorithm for processing the analysed signals, with the capacity
to extract multiple features;
• Identification of trends and patterns which may be related to the fatigue state and
which consequently become the feature in an indicator relating to this state (time,
frequency and time-frequency domains);
• Incorporation of the algorithm into a plugin for offline evaluation of the identified
fatigue indexes, designed for the OpenSignals software;
• Inclusion of a classifier for automatically detecting the user’s type of fatigue (“Positive
Fatigue” or “Negative Fatigue”, which refer to the installation and recovery from
fatigue, respectively);
• Definition of a global fatigue index (GFI) for characterising the fatigue state, com-
bining the information supplied by multiple features into a single value;




The body of the thesis is divided into 5 chapters with a varying number of sub-chapters.
Figure 1.1 shows the underlying topics of each chapter, which are described in greater







Concepts associated with fatigue
Review of literature with studies in the area of fatigue
Presentation of the OpenSignals 
Classifiers
Experimental Protocol
Methods for identifying trends
Logic underlying the definition of the Global Fatigue Index
Specification of indexes with potential to provide information on fatigue
Presentation of the quality of the trained classifier
Features of the Offline Plugin for monitoring the fatigue state
Discussion of the results
Conclusions and expectations for the future
Annexes detailing activities carried out as part of the thesis project
Figure 1.1: Breakdown of the content of each chapter
This first chapter is intended to describe the context of the project. It explains the
problem situation, its relevance and the objectives that must be achieved to solve it.
Chapter 2 goes on to present some relevant definitions, in particular regarding the
concept of “fatigue”, the different types and the possible causes, and contains a literature
review of studies in this area.
This chapter also includes a brief description of the biosignalsplux acquisition system
and the OpenSignals software, into which the processing features for monitoring the fatigue
state were incorporated, along with a description of some of the algorithms and methods
used in the computer implementation of the proposed system.
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1.3. THESIS OVERVIEW
This section ends with a summary of the concepts and the “mechanics” associated with
classification systems of the Support Vector Machine (SVM) type.
Chapter 3 sets out the experimental protocol designed to induce fatigue and explains
how the methods described in Chapter 2, namely processing techniques and algorithms
used in data analysis, were applied, as well as the steps followed in the identification of
trends.
Chapter 4 contains the results that were obtained and specifies which EMG and ECG
indexes have the potential to provide information about fatigue. It also addresses the
efficiency of the trained classification system.
Said chapter also describes the plugins for extracting parameters from the EMG and
ECG signals in real-time and the final plugin for monitoring the fatigue state in an offline
context.
Finally, the last chapter contains a discussion of the results and presents the conclusions
and expectations for the future.
The annexes set out some activities carried out in parallel with the thesis project, but
within its scope, which played an important part in the final project design.
There were also included additional images and tables to complement some of the













Despite the fact that fatigue monitoring has been explored in various studies using a wide
range of signals, as may be seen in section 2.4.4, in the current version of the system the
monitoring was carried out by limiting the signals in question to EMG and ECG signals1.
A brief description of the physiological origin of each of the signals and the instrumentation
used to record them is provided in the sections that follow.
2.1.1 EMG - Origin and Comments
Muscular contraction is the result of the coordinated action of the nervous system and the
muscle, and there are various steps between the generation of the nerve impulse and the
joint contraction of the muscle fibres.
The action potential is generated at the neuron, propagating along the axon through
multiple depolarisations and repolarisations of the membrane, caused by the opening of
voltage-sensitive sodium and potassium channels which are activated in sequence as they
are reached by the wave of potential.
When the action potential reaches the axon terminal, it is transmitted to the next
neuron across chemical synapses, with the release of neurotransmitters into the synaptic
cleft (neuron-neuron interface).
The neurotransmitters bind to sodium channels which are activated by molecular
stimuli, allowing this ion to enter the intracellular environment and thus disrupt the
membrane potential, recreating the action potential.
The mechanism, whereby the action potential is transmitted from neuron to neuron,
will be repeated at the interface between the neuron and the muscle fibre.
1The choice of these signals gives us information of the local and global effects of fatigue
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When it reaches the muscle fibre, the action potential propagates along its membrane
(sarcolemma), which contains small invaginations (T-tubules) surrounded by calcium cis-
ternae.
The stimulation of the calcium cisternae causes this ion to be released to the intra-
cellular environment, triggering the translational movement between actin and myosin
myofilaments as a result of the bond established with troponin.
This connection generates a change in the shape of the tropomyosin, exposing the
sites where actin and the myosin heads (myofilaments) can bind, allowing them to make
contact.
The interaction between myofilaments releases the ADP molecule bound to the myosin,
causing its head to move, dragging the actin and culminating in the contraction of the
muscle fibre. This dynamic is maintained as there are calcium ions bound to troponin,
that is, for the period during which the calcium cisternae are stimulated (Figure 2.1).
Figure 2.1: Illustration of the various phases of the mechanism by which the muscle fibre
contracts (from the point at which the nerve impulse reaches the synaptic cleft) [29]
As it propagates over the sarcolemma, the potential wave spills over to the most
superficial layer of the skin, making it possible to record the electromyographic signal2,
captured by a system of electrodes. A certain degree of attenuation occurs, which explains
the reduced amplitude of the EMG signals and the need for amplification.
The electromyographic information may be considered to fall within a frequency band
of between 10 and 400 Hz, although this interval may be relaxed slightly to include
components with frequencies of between 5 and 10 Hz and between 400 and 450 Hz [30].
2Sum of the action potentials of the multiple motor units determining the characteristics of the EMG
signal, giving rise to an anarchic appearance as observed in Figure 2.3a
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2.1.2 ECG - Origin and Comments
In contrast with the skeletal muscle, the contraction of the cardiac muscle (myocardium)
does not occur voluntarily, instead being coordinated by the sympathetic and parasympa-
thetic components of the autonomic nervous system (ANS).
The cardiac action potential is generated by specialised structures in the heart charac-
terised by auto-excitability, which are known as pacemakers.
The sinoatrial node (SAN) is considered to be the heart’s “natural pacemaker”, because
it ensures that the heart’s rhythm is regular. It does so by virtue of channels in the
membrane of its cells which behave in a special way, known as hyperpolarisation activated
cyclic nucleotide gated channels (HCN).
The distinctive characteristic of these channels is that they open for very low membrane
potentials, reopening almost immediately after phase 3 of the previous action potential.
This ensures that a permanent current of positive ions can enter the SAN cells, allowing
the membrane potential to gradually increase until it reaches the activation threshold and
generates a new action potential, in an endless cycle.
Once generated, the action potential propagates along the cardiac conduction system,
formed by the atrioventricular node, the bundle of His and the branches of the Purkinje
fibres which span the various sections of the myocardium (Figure 2.2b).
Along this journey, the following steps occur in sequence: the atrial region is depolarised
(atrial systole – P wave), repolarised (atrial diastole), ventricular depolarisation takes
place almost simultaneously (ventricular systole – QRS complex), followed by ventricular
repolarisation (ventricular diastole – ST segment and T wave), giving rise to the events
illustrated in Figure 2.2a.
a Electrical events characterising the ECG signal [31] b Action potential conduction system [32]
Figure 2.2: Evolution of the membrane potential for the generation of action potentials
and conduction system
In terms of instrumentation, there are many similarities between ECG sensors and EMG
sensors, given that the signals they record originate from events with shared characteristics
based on the contraction of a muscle (cardiac or skeletal).
9
CHAPTER 2. THEORETICAL BACKGROUND
The frequency band of electrocardiographic signals is more limited than that of EMG
signals, being between 0.05 and 40 Hz [33]. However, in clinical terms (with new-born
children in particular) it is common for the upper cut-off frequency to be extended to 150
or 250 Hz, because it can still contain relevant information [34].
The passband of EMG signals contains that of EMG signals, which is why the posi-
tioning of the electrodes is extremely important for avoiding cross-talk.
2.2 Signal Processing Methods
Despite having a similar origin associated with the depolarisation wave responsible for the
contraction of skeletal and cardiac muscles, EMG and ECG signals are very different when
viewed graphically.
ECG signals are regular, and have very well defined “structures” that are easy to
identify. In contrast, EMG signals are not naturally regular, given that they are generated
voluntarily, and are characterised by a binary divide between regions of muscular activation
and inactivation.
For efficient processing, it is important to restrict the study to specific events of each
signal.
In the case of the ECG signal, the aim is to observe the way in which heart rate
variability (HRV) changes as fatigue sets in. It is therefore necessary to evaluate periodicity
by detecting the R peaks and the respective time differences between them.
In the case of the EMG signal, the regions of inactivity are not relevant, considering
that they only contain noise. It is therefore necessary to isolate the regions of muscular
activation in the EMG signal, restricting the study to the samples contained in the various
periods of activation.
To ensure that these events (detection of R peaks and detection of the start and finish of
periods of muscular activation) are identified, two scientifically well-established algorithms
have been used. The implementation logic is set out in the sections that follow.
2.2.1 Event Detection - TKEO Algorithm
The logic of this algorithm is based on the establishment of a threshold and the capacity
to distinguish between signal and noise. The EMG signal is subsequently converted into a
binary format, that is, all the samples with a value above the threshold acquire the value
of 1 and all the samples under the threshold are considered to be zero.
However, owing to the extremely unstable nature of the EMG signal, where very sudden
and marked transitions take place, there is a high probability that if a static threshold is
established it will be exceeded multiple times during the period of muscular activity.
In normal conditions for each period of muscular activation, the threshold must be
exceeded once in the upward direction and once in the downward direction, defining the
start and finish of the event.
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Implementing this logic directly is therefore not feasible and some processing steps are
needed before the EMG signal can be “binarised”.
There are some extremely successful methods for identifying periods of activity, such
as the statistical algorithm proposed by Bonato [35].
Despite the robustness of the method, given its nature it may not be appropriate for the
real-time analysis system we intend to develop later on. Another approach has therefore
been chosen which combines simplicity with detection efficiency, involving an algorithm
that uses a single threshold and applies a filter to smooth the signal.
The method is based on that proposed by Hodges [36] and improved by Pimentel with
the introduction of the TKEO operator for increasing efficiency in the detection of periods
of muscular activation [37].
The algorithm encompasses the following steps:
1 Filtering of the EMG signal to minimise the effect of noise (Figure 2.3b);
2 Application of the TKEO operator to each sample of the filtered signal (Figure 2.3c);
TKEO[i] = EMGfilt[i]2− (EMGfilt[i+ 1]×EMGfilt[i− 1])
3 Rectification and Smoothing of the TKEO signal using a sliding average, which
cannot be configured by the user (Figures 2.3d and 2.3e);
4 Additional level of smoothing, which the user can configure by defining the size of
the smooth window (Figure 2.3f);
5 Definition of the threshold, established as a function of the average value and standard
deviation of the population of samples of the original EMG signal, and a variable
h defined by the user, corresponding to the level of the threshold (Threshold =
µ+h×σ);
6 Binarisation through signal scanning, to compare each sample with the established
threshold, converting all the samples above the threshold to 1 and all the samples
below the threshold to 0 (Figure 2.4);
7 The starts of the periods of activity correspond to all the upward transitions 0 → 1,
while the ends correspond to downward transitions 1 → 0.
2.2.2 Event Detection - Pan-Tompkins Algorithm
This algorithm proves to be very robust and efficient, with correct detection rates of over
90% [38].
The ECG signal will be exposed to a filtration, differentiation and integration sequence,
and undergo a final step in which false R peaks are excluded.
The first three steps of the sequence are intended to “simplify” the format of the signal
in such a way that only the transitions (like the R peaks) stand out, minimising secondary
11
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c EMG after application of the TKEO operator













































e Smoothed EMG (First Level)



















f Smoothed EMG (Second Level)
Figure 2.3: Results of applying each step of the algorithm for detecting periods of activity
using the TKEO operator



















a Combining the smoothed signal with the original
EMG (a scale change has been applied for viewing pur-
poses)
























Figure 2.4: Delimiting periods of muscular activation through the binary signal
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events which could potentially lead to incoherence for the algorithm, thus increasing the
efficiency of the R peak detection.
In the filtration step, the signal is applied to the input of a second-order Butterworth
passband filter, with a passband located between 5 and 15 Hz, corresponding to the typical
frequencies at which the R peak forms (Figure 2.5b).






























Figure 2.5: Partial results of each phase of the Pan-Tompkins algorithm (Part 1)
The filtered signal then undergoes differentiation, which involves the sequential sub-
traction of consecutive inputs, where the input i of the differentiated vector will be equal
to the difference between the values contained in the inputs i+1 and i of the filtered vector
(Figure 2.6a).
The differentiated signal suffers, subsequently, a “rectification”, where each sample is
raised to the power of 2 (Figure 2.6b).
Once these steps are complete, the signal is integrated using a sliding window of size
N = 0.080× fsampling. This size was chosen to be similar to the maximum duration (in
physiological terms) that the QRS complex may have, in this case around 0.080 s, half the
value suggested by J. Pan and W. Tompkins [38] (Figure 2.6c).






















































Figure 2.6: Partial results of each phase of the Pan-Tompkins algorithm (Part 2)
These preparatory steps to isolate the R peaks, in order to make it easier to detect them
in programming terms, are followed by a sequence of steps included in the original Pan-
Tompkins algorithm [38], transposed to the Python format by Raja Selvaraj. A description
of this can be found in the Position Paper prepared over the course of the project, which
is available in Appendix E.
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Figure 2.7 shows the evolution in the detection of R peaks, from the moment a list of
possible peaks is available, followed by the list of probable peaks and finally showing the
definitive R peaks in the various implementation phases proposed by Pan and Tompkins.




















Figure 2.7: Graphical representation of the evolution of the content of the list of R peaks
over the various phases included in the Python implementation of the Pan-Tompkins
algorithm
At this point the system has the provisional list of R peaks, and the tachogram can
be generated (Figure 2.8). This is a derivation of the ECG signal which makes it possible
to centre the analysis on the periodic component of the cardiac signal. It is the source of
information from which different indexes will be extracted in order to evaluate heart rate
variability, as illustrated in section 2.3.
Figure 2.8: Time series showing the evolution of the duration of RR intervals during the
acquisition (Tachogram)
However, before this determination process, the tachogram must pass through a filtra-




The set of features that may be extracted from the EMG and ECG signals is vast, so a




 Maximum RR Interval 
 Minimum RR Interval 
 Average RR Interval 
 SDNN 
 rmsSD 




 Median Frequency 
 Major Frequency 
 Major Time 
 Mean Power 
 Area 
 Volume 






Frequency Frequency Time 
ECG 
Time-Frequency 
 RMS  Median Frequency 
 Total Power 
 Power inside ULF Band 
 Power inside VLF Band 
 Power inside LF Band 
 Power inside HF Band 
 Median Frequency 
Figure 2.9: List of features extracted from the EMG and ECG signals, grouped into their
respective categories
It is, therefore, worth providing a brief introduction about each of the indexes studied
and, where possible, a graphical correspondence. This is the purpose of Tables 2.1 and
2.2, the graphical examples being included in Appendix A.
2.4 Fatigue State
2.4.1 Fatigue Definition
Fatigue may be described as a gradual phenomenon which develops over time and which is
caused by continuous physical or mental effort. From the point of view of the muscles, it is
characterised by an inability to maintain an effort and depends on the muscle in question
and the physique of the patent [43]. It has different causes and mechanisms, as indicated
by Cifrek:
“Muscle fatigue represents a complex phenomenon encompassing various causes, mecha-
nisms and forms of manifestation. It develops as a result of a chain of metabolic, structural
and energetic changes in muscles due to insufficient oxygen and nutritive substances supply
through blood circulation, as well as a result of changes in the efficiency of the nervous
system” [16].
The various causes and types of fatigue, which are implicit in the above definition, will
be described in greater detail in the following sections.
2.4.2 Types of Fatigue
Because of its diverse manifestations the fatigue state has been sub-divided into types,
although the classification of the fatigue state is not entirely standardised, as highlighted
by Shen [44], and depends on the type of base model used to study it.
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Table 2.1: List and description of the various EMG indexes studied
Feature Definition Comments Figure
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Frequency allowing the
spectrum to be divided
into two regions of equal
power [39]
Enables the degree of
compression of the power
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convex-hull
Degree of compression of
the information in the
time and frequency di-
mension
A.5
However, taking into account the sub-divisions made in the references consulted [16,
17, 24, 45], a possible sub-division is shown in Figure 2.10.
There are two main types of fatigue: Subjective Fatigue and Objective Fatigue.
In the first case, the physical incapacity is caused by psychological factors, such as a
loss of motivation or concentration [24].
In the second case (Objective Fatigue), there is a change in physiological processes,
namely a loss of efficiency in relation to standard function or the production of metabolic
waste which disrupts the normal sequence of events. This is the type of fatigue being
studied and the one for which the projected system is intended.
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Table 2.2: List and description of the various ECG indexes studied
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of HRV [41, 42]
A.10
Fatigue can be further divided into two branches, depending on the source of the
physiological “disturbance”: Central Fatigue and Peripheral Fatigue [45].
Fatigue is classified as peripheral when the cause occurs in the muscle tissue and is trig-
gered by changes in ionic concentrations in the intracellular environment (sarcoplasm) [45].
Central fatigue is associated with changes at a neuronal level which ultimately influence
the nerve impulse responsible for muscle contraction, affecting ability to exert a force.
There is another possible source of physiological fatigue, which is a breakdown of
activity at the neuromuscular junction [17].
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Figure 2.10: Sub-division of Fatigue by Type and Origin
2.4.3 Muscular Fatigue Causes
Section 2.4.2 covered how fatigue is classified based on its origin, but the causes have not
been explicitly mentioned: that is the purpose of this section.
However, before proceeding to a list of the causes, it is necessary to understand the
mechanism that precedes the voluntary contraction of skeletal muscle, considering that
any of the possible causes of fatigue is rooted in the failure of one of the links in this
fascinating mechanism.
If one considers the physiological framework for the muscular contraction mechanism
(section 2.1.1), one can gain a more intuitive understanding of the causes of fatigue, that
is, what leads one of the steps in the mechanism to fail [25].
The failure points (which refer to the origins of fatigue defined in section 2.4.2) may
lie in the Central Nervous System, in the Neuromuscular Junction or in the Muscle Fibre
itself [46] (Table 2.3).
Table 2.3: Failure points and causes/consequences of fatigue setting in
Central Nervous System
- Decrease in the recruitment of motor units
- Change in the rate at which muscle fibres are fired/stimulated by motor neurons
Neuromuscular Junction
- Influencing of the transmission of the chemical signal in this region
Muscle Fibre
- Variation in the conduction velocity of the nerve impulse in the Sarcolemma and in the
T-tubules
- Failure in the release of Ca2+ by the sarcoplasmic reticulum
- Inability of Ca2+ and troponin C to bond, causing the binding sites on actin to close
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The causes originating in the central nervous system may result from a blocking effect
affecting the transmission of the nerve impulse, known as neuromuscular blocking [46] at
the acetylcholine receptors in the neuromuscular junction and in the membrane of the
motor neurons, before the neuromuscular junction.
Some drugs have this effect by causing the channels in the membrane of the muscle
fibre to lose their sensitivity to the chemical message contained in the neurotransmitters,
making it impossible for the action potential to propagate along the sarcolemma and,
ultimately, for the muscle to contract [47].
The causes originating in the neuromuscular junction, meanwhile, may lie in the pre-
synaptic region owing to a high rate of stimulation of the terminal branches of the nerve,
or in the post-synaptic region owing to reduced receptor excitability [46].
In terms of causes intrinsic to the muscle fibre, these are caused by a deficit in energy
production (glycolysis and aerobic respiration) or an imbalance in electrolyte gradients,
responsible for the input of nutrients and the output of metabolic waste [46].
Nutrients are essential for maintaining stability at the cellular level, so a deficit in
supply can have a considerable effect on the vital functions of the muscle cell.
With regard to metabolic waste, this may be harmless, but, in some cases, if it ac-
cumulates, it can affect the cell. Lactic acid, for example, plays a role in decreasing the
intracellular pH.
Nevertheless, we should finish this section with a brief comment, because we refer to
muscular fatigue causes, which, in a first perspective, could include the skeletal and cardiac
muscle.
However it only covers the skeletal muscle, considering that the cardiac muscle does
not enter in fatigue, due to the mitochondria overpopulation and the higher density of
capillaries that bring the required nutrients for myocardium cells to produce energy.
So with HRV analysis, when we mention (section 2.1) that can give us information
of fatigue in a global perspective is because of the fact that the same physical activity,
that locally affects the muscle function, can also have impact in cardiopulmonary terms,
and since the skeletal muscle is dependent of the blood supply, so the muscle is indirectly
affected by the non-local (global) effect of physical activity that induces fatigue.
2.4.4 Literature Review
The literature reviewed, as part of the project, revealed a wide range of approaches
to evaluating fatigue (Figure 2.11), enabling this state to be observed from multiple
perspectives and supporting the idea that fatigue is a phenomenon with repercussions at
various physiological levels.
This chapter will therefore provide a summary of the conclusions reached in other
studies.
Particular attention will be given to studies based on EMG and ECG signals, consid-
ering that they correspond to the signals investigated as part of this thesis.
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Figure 2.11: Explanation of the set of physiological signals with the potential to provide
information on the fatigue state
2.4.4.1 Studies Based on EMG
Given the electrical nature of the nerve impulse which reaches the muscle fibres and causes
them to contract, Electromyography is a logical means of analysing fatigue, through the
consequences and effects that are produced in the EMG signal.
The work conducted by Carlo De Luca and Roberto Merletti, among other investigators,
in the evaluation of muscular fatigue contributed towards a significant advance in fatigue
monitoring, with the EMG signal processing techniques residing in the time domain and
the frequency domain.
Analysis in these domains produced very consistent results which are considered to
be well established, namely the fact that the amplitude of the EMG signal, described
by the Root Mean Square (RMS) and Mean Absolute Value (MAV) estimators, increases
when fatigue arises and the median frequency decreases considerably, with the spectrum
being compressed in the region of low frequencies owing to the decrease in the conduction
velocity of the nerve impulse in the muscle fibres [16, 17].
It should be highlighted that the increase in amplitude occurs in surface EMG, since
at a depth the filtering effect of the skin (which acts as a low-pass filter) ceases to apply
and the amplitude does not display the same relationship with regard to fatigue [48].
The EMG signal is analysed in frequency domain by applying the Fourier Transform
or methods which combine time and frequency, such as Short-Time Fourier Transform
(STFT) and Wavelet Transform, with the latter method producing the best results [49].
Transposing the EMG signal to the time-frequency domain using the Wavelet Transform
frees the investigator from constraints relating to the criterion of stationarity, making the
technique rather appealing.
However, unlike the Fourier Transform, in this case the decomposition of the EMG
signal will be synthesised in the form of an image (scalogram), in such a way as to reflect
the information from the time dimension and the frequency dimension simultaneously.
Each pixel of the scalogram is associated with a frequency and time pair (f,∆t),
allowing the analyser to see the frequency composition of the signal in a given time
window, something that was not explicit in the Fourier Analysis.
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Given the robustness of the method, characterised by lower variability and greater
statistical meaning in the parameters established [50], it is increasingly being exploited in
studies aimed at evaluating muscle fatigue.
With this method is possible to extract a range of indexes that are typically applied
to images, such as the determination of the centroid or the convex area.
Once the image has been segmented, to select regions with a greater quantity of infor-
mation, using the Otsu method [18, 51], the processing can be limited to the components
of the scalogram with the most information.
One of the reference studies [18] measures the effects that changing the exercise intensity
(resistance offered by the cycle ergometer) has on the scalogram and the degree to which
the “Wavelet Indexes” vary over time.
In this study, the following indexes were extracted: Work Rate, Area, Mean Power,
Main Frequency and Median Power Frequency. Only Work Rate, Area and Mean Power
are shown to undergo consistent changes, in the direction of growth, when exercise intensity
is increased.
In addition, over time (and therefore as fatigue is acquired), these indexes evolve, with
different trends depending on the exercise intensity (73%, 100% and 133%), as shown in
Table 2.4.
Table 2.4: Summary of the results from the study [18]
Intensity Work Rate Area Mean Power Median PowerFrequency
73% ↑ ↓ ↑↑ ↓
100% ↓ ↑ ↑ ↓
133% ↓↓ ↑↑ ↓ ↓↓
Owing to the fact that Median Power Frequency is the parameter with the most
consistent evolution (decrease due to the emergence of fatigue) for the various exercise
intensities, this index is promising in this Wavelet Analysis, as already demonstrated in
the Fourier Analysis.
In another study [50], it is observed that in specific frequency bands of the scalogram
there is a well-defined increase in its power, partially corroborating the global evolution
trend of Mean Power in [18].
2.4.4.2 Studies Based on ECG
The need for the muscles to produce more energy during their activity means that the
nervous system must increase blood flow in order to supply more oxygen to the tissues.
This necessarily causes an increase in the heart rate as fatigue sets in [52].
In a recent analysis, L. Schmitt et al. identified four fatigue patterns in sportspeople
(skiers).
21
CHAPTER 2. THEORETICAL BACKGROUND
It was observed, with greater prevalence, that the power of the signal which describes
heart rate variability (comparison of heart rate variability – RR interval – in fatigue
conditions with the median value of multiple tests in non-fatigue conditions) over time
decreases with the fatigue state, a change which is accompanied by an increase in the heart
rate identified in other studies [19].
Heart rate variability may be evaluated using multiple indexes, as demonstrated in
section 2.3.
However, despite the diversity of HRV indexes, only a small number are included as
potential fatigue indexes.
In the vast majority of literature references gathered on the evaluation of fatigue
state using HRV analysis, processing is centred on the extraction of parameters from the
frequency domain, there being one case where the non-linear indexes SD1 and SD2 are
included [20].
To extract frequency parameters, a power spectral analysis (PSD) of the signal is
required. The transposition can take place using non-parametric means, which despite
being less precise are more efficient in computational terms, namely Fast Fourier Trans-
form (FFT) or parametric methods which are more sensitive but also computationally
demanding [53].
In any of the approaches, the spectrum obtained may be sub-divided into the four
bands (ULF, VLF, LF and HF), as shown in Table 2.2.
Fatigue of a neurological origin is the most studied, which makes sense considering
that heart rate variability is caused by the overall action of the autonomic nervous system,
and can be triggered by the integration of multiple factors at the same time.
Even though intense muscular activity produces a response in the ANS (variations
in the sympathetic component) [54] and a resulting change in the heart rate and heart
rate variability, this isolated origin is only one contribution to the decision-making process
of the ANS, which receives stimuli from other organic systems (which could lead to a
contradictory change in the sympathetic component) [55].
The conclusions drawn for the skiers were partially validated in top-level swimmers,
and once again various fatigue patterns were recorded (three, in this particular case), where
the most common trend was that of a decrease in the LF and HF components, followed
by an increase in heart-rate [21].
However, this decrease in the sympathetic predominance of the ANS (represented by
the LF band) is contradicted by other studies in which it is found to increase [56, 57].
The difference may be partly explained by the signal acquisition conditions before and
after the exercise [21], or during prolonged conduction [57].
The position of the volunteer during the signal acquisition period may also be relevant,
since this influences the activation of low-pressure baroreceptors (ANS inputs) and therefore




As explained in Figure 2.11, the fatigue state can be monitored through physiological
signals originating in chemical or mechanical events.
In mechanical terms, particular mention may be made of mechanomyography (MMG)
and sonomyography (SMG), which record acceleration variations during muscle contraction
and capture images with an ultrasound system.
Some of the studies consulted show consistent results in relation to isometric contrac-
tions, reporting the increase in the amplitude of the MMG signal [58–60]. This is in
contrast to what is observed in dynamic contractions [23, 61].
Sonomyography is a technique whereby images are acquired using ultrasound, based
on a principle similar to that of sonar: a device formed of an ultrasound transmitter and
an ultrasound receiver is applied to the surface of the body, surrounding the muscle.
In one particular study, the authors concluded that the thickness of the muscle increased
during contraction, that is, as the fatigue state began to set in, although in a non-linear
way, with a more marked initial growth followed by a phase with growth at a lower rate [24].
In terms of methods for monitoring fatigue through phenomena that occur at a chemical
level, particular mention may be made of Near-Infrared Spectroscopy (NIRS) and the
measurement of pH or Lactates.
Owing to the accumulation of pyruvate in the intracellular environment (of the muscle
fibre in conditions of intense activity), when its rate of production in glycolysis exceeds the
rate of consumption in aerobic respiration, this molecule undergoes oxidation. Lactic acid
forms and subsequently dissociates, releasing H+ ions into the intracellular environment
and leading to a reduction in the pH (Figure 2.12).
This sequence indicates that in fatigue conditions there will be a decrease in pH and
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Figure 2.12: Cause-effect structure relating to the impact that a change in pH and lactate
concentration has on the functioning of the muscle fibre [25]
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Finally, the NIRS technique is very promising, and is already used in one of the existing
commercial systems (BSX Insight™).
This technique employs a coupled system comprising a point that emits electromagnetic
radiation in the near-infrared region and a receiver.
This type of radiation can travel through tissue relatively easily, but ends up being
absorbed by haemoglobin. The retransmission is then detected by the receptor, and the
transmitted light shows characteristics and intensity different from those initially emitted.
The variation in the properties of the electromagnetic radiation (intensity) will make
it possible to estimate, using a mathematical model, the proportion between the oxidised
form of haemoglobin, which transports the oxygen to the tissues, and the reduced form
(deoxyhaemoglobin), which changes over the course of the muscular activity [62, 63].
The mathematical relationships and models typically used for the final quantification
of this parameter are the Modified Beer-Lambert Method [63] (estimate of the variation
in the concentration of oxy-Hb and deoxy-Hb forms over time) together with the Tissue
Oxygenation Index (TOI) [26] for estimating the oxygenation level in the muscular region,
an increase in the oxidised form and a decrease in the reduced form of haemoglobin being
observed.
2.5 Acquisition and Monitoring System
Before any signals can be processed, they must be acquired, and therefore the system for
monitoring the fatigue state is dependent on an hardware component.
However, owing to the role played by Plux in the project, it was unnecessary to plan the
acquisition system, considering the multiple and wide-ranging solutions commercialised
by the company. One of the devices used in the project will be described in this section:
biosignalsplux.
On its own, biosignalsplux has the capacity to acquire 4 to 8 signals simultaneously,
using its digital channels.
The 8-channel hub has the capacity to pair to other hubs, thus increasing the number
of channels available (Figure 2.13a).
After the acquisition, it is necessary to extract information from the collected signals,
which can be achieved by processing them on a computer. biosignalsplux can communicate
with the personal computer of the user by means of Bluetooth technology.
As soon as the file with the acquired signals is transmitted, the software component
comes into play for the processing step.
Plux’s OpenSignals (Figure 2.13b) platform for monitoring signals collected by its
devices is available free of charge, and the user has the option of adding more functions
with plugins for specialised processing of each type of signal.
The plugins work based on the interaction of three components or programming lan-
guages: HTML, JavaScript and Python.
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a Eight-channel hub, access to internal
ground (red) and port for communication be-
tween hubs (blue)
b Main Page of the OpenSignals interface
Figure 2.13: Illustration of the hardware and software component used to acquire and
monitor the physiological signals
The HTML component is used to construct the interface, this static structure being
made dynamic through the event management provided by the programming in JavaScript.
For its part, the Python component carries out all the processing functions, allowing
for quick and efficient extraction of the features of each type of physiological signal.
The system envisaged for monitoring the fatigue state is based on this approach, and
is a plugin of OpenSignals, that is, it is not an independent programme but rather a set of
processing functions incorporated into the existing solution.
2.6 Classification Systems - Support Vector Machines
In this project, a binary classifier of the Support Vector Machine (SVM) type was imple-
mented. The classifier returns a “Positive Fatigue” result when the fatigue is setting in
and a “Negative Fatigue” result when the body is in the recovery phase and the level of
fatigue is dropping.
By virtue of the above, it is possible to provide the user with objective and automatic
information about the fatigue state.
A Support Vector Machine essentially works based on Cartesian logic, given that each
example corresponds to a point with a number N of coordinates equivalent to the number
of features analysed, that is, each feature defines a dimension of the space.
This type of classification algorithm falls within the hyperplanes class, the training
phase taking place through a supervised method.
As Schölkopf states [64], in the training phase of a SVM, the objective is to find a
function f generated from a given number of training examples, with the capacity to
correctly classify any new testing example.
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This type of classifier was initially intended for binary problems [65], but may be
extended to studies with a greater number of classes using the 1-vs-All method, although
alternative approaches do exist [66].
A hyperplane is a generalisation of the notion of a “plane” typical of three-dimensional
space, allowing any space to be divided into two closed and convex regions (binary classifier),
like in Figure 2.14, or, in a problem with M classes, into M different regions by combining
the various hyperplanes generated in the 1-vs-All approach.
Figure 2.14: Geometric illustration of the concepts taken into account in an SVM of the
binary type, showing the convex-hull containing the training points of each class (delimited
by the black line), the auxiliary margins including the support vectors x1 and x2 (green
dotted line) and the shortest segment linking the two convex-hulls (red) [64]
The training phase of an SVM will be geared towards the search for the hyperplane
(~w.~x+b= 0, ~w ∈RN , b ∈R)3 that allows the distance or separation between the two classes
under analysis to be maximised, giving rise to a decision function as follows:
f(~x) = sign(~w.~x+ b) (2.1)
Geometrically, this maximisation of the separation between two classes corresponds to
generating, for each class, the convex-hull that includes all the training examples.
Next is the determination of the smallest segment which links the boundaries of the
two convex-hulls and consequently the optimum hyperplane, considering that they are
perpendicular to each other and cross at the central point of the segment.
For each class, the point located at the shortest distance from the convex-hull of the
other class is a supporting vector.
Objectively it will correspond to an optimisation problem where the aim is to find the
hyperplane that allows the distance to be maximised in relation to the various training
points [67].
3~x being the vector with the value of the features associated with the testing example and ~w and b











In normal conditions the body is in a state of equilibrium and internal harmony. However,
drawing an analogy with Newton’s third law, for any disturbance (action), there is a
reaction.
When studying a process at the physical or physiological level, one analyses the effect
that a disturbance of certain variables has, with the aim of gaining a better understanding
of the mechanism that takes place between “action” and “reaction”.
In order for the impact of the disturbance of a certain condition to have scientifically
enlightening results, a methodical procedure must be followed. The key purpose of this
procedure is to ensure that the only condition which varies between tests or over time is
associated, ideally, with the variable being analysed.
An experimental protocol allows the investigator to come close to this objective, al-
though it is not always possible to produce a result which is influenced exclusively by the
variable under analysis.
In this project, the variable being studied is Fatigue. The aim is to induce it in order
to record the impact in terms of muscle and heart activity, by means of the corresponding
electrophysiological signals (EMG and ECG).
Taking into account this intention, an experimental protocol was prepared for conditions
similar to those of indoor cycling. In this respect, mention should be made of the important
collaboration with the Laboratory of Motor Behaviour (FMH), through his members Prof.
Dr. Pedro Pezarat, Prof. Dr. Gonçalo Mendonça and Dr. João Vaz, which allowed the
studies on fatigue conducted by both parties to converge.
With the data that were supplied, it was possible to evaluate the existence of trends
related to the fatigue state by applying several different methods, which will be explained
in this chapter.
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3.1 Induction of Fatigue - Experimental Protocol
In the tests, signals of a physiological origin were collected (EMG and ECG), the procedure
being split into two days separated by a minimum recovery period of 24 hours.
The study targets volunteers who regularly practise sport, aged between 20 and 35
years, because this corresponds to the period in which physiological functions and physical
capacities reach maximum efficiency [68].
In addition, the protocol was aimed at male volunteers only, given the fluctuations in
the rate of oxygen consumption in female individuals and their specific heart rate variability
as a result of the menstrual cycle [69].
Including both genders in the sample would introduce entropy into the analysis of
results, considering that the analyser would be exposed to a variable which he or she
cannot control.
The procedure to be carried out on each protocol day comprises the following conditions:
• Day 1 (30 minutes)
– Practice of ergometric exercise (replicating the conditions of cycling) with an
incremental level of difficulty, achieved by progressively increasing the power/re-
sistance in the pedalling cycle;
– Collection/analysis of the gases exhaled during the expiratory process, with
the aim of determining the volunteer’s ventilation thresholds. This makes it
possible to establish his profile and measure his physical condition, so that the
test on “Day 2” can be adapted to these specific characteristics;
– The procedure is continued until exhaustion;
• Day 2 (30 minutes)
– Based on the power profile established on “Day 1”, the volunteer must undergo
a test on Severe Domain (defined as Rigorous Effort on the protocol). The test
is made rigorous by setting the ergometer to the corresponding power level;
– The test ends when the volunteer stops being able to maintain a constant
pedalling rhythm (60 ± 5 RPM);
The detailed description of the steps contained in the protocol can be consulted at
Appendix B.
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3.1.1 Submission to the Ethical Council of NMS
Given the extremely demanding nature of the tests for inducing fatigue, the protocol
needed to be approved by an external and independent body. A request was therefore sent
to the Ethical Council of Nova Medical School (NMS).
For the request for approval of the Experimental Protocol by the Ethical Council of
NMS to be valid, various documents had to be prepared in order to comply with the
requirements established in the guidelines provided by this body [70]. These documents
are as follows:
1 Form for project submission1;
2 Curriculum Vitae of the individuals involved in the research;
3 Declaration of Authorisation to use the infrastructure where the tests are being
conducted (LIBPHYS-UNL);
4 Data Disclosure Policy Declaration;
The purpose of this was to formally record the authors’ commitment to preserving the rights
of the study participants and limit the disclosure of the collected data to the situations
accepted by the volunteer and specified in the Informed Consent Sheet
5 Informed Consent to be given to the volunteer;
6 Study Protocol;
The objectives of the project to which the protocol relates were set out and the repercussions
for the scientific community and for society were explained.
In addition, the period and site/infrastructure in which the tests took place/would take place
were specified.
7 State of the Art on the project topic;
8 Experimental Protocol;
9 Description of the Instruments used;
All the documents were submitted for evaluation by the Ethical Council on 16 January
2018, and were allocated the identifier 02/2018/CEFCM.
Approval of the protocol will allow data to be acquired on a large scale in the future,
thus complementing the pilot acquisitions (prior to the submission to the Ethical Council)
analysed during the thesis project.
The pilot data were obtained as part of a series of acquisitions led on Laboratory of
Motor Behaviour (FMH) by Prof. Dr. Pedro Pezarat, Prof. Dr. Gonçalo Mendonça and
Dr. João Vaz during a PhD in the area of fatigue evaluation, with the particularly purpose
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3.1.2 Reformulation of the Submitted Documents
Following its first evaluation, the Ethical Council requested supplementary information in
order to answer the following questions:
1 Is the volunteers’ health evaluated before the tests are carried out, or is it known by
the recruitment site ?
2 Does the laboratory chosen for the tests (LIBPHYS) have basic life support equipment
and staff who are trained in using it ?
One additional document was also requested: a declaration from the National Data
Protection Commission (CNPD) to approve the collection of the volunteers’ personal data.
Thus, in order to ensure that the requirements underlying the above questions be met,
the location where the tests take place have to changed and the respective declaration
from the CNPD also need to be requested.
The resolution of these aspects is under development, and there are good prospects in
fulfilling the requirements explained by the Ethical Council.
With the positive answer to these questions, the hypothesis that the protocol be
approved, and therefore can be applied in the future phases of the project, remains.
3.1.3 Calibration Protocol
In order to define a global fatigue index (Section 3.3), the current version of the system
requires a calibration protocol in which fatigue is induced in a controlled manner.
The protocol submitted for “Day 2” covers this function, consisting of an ergometric
test at constant power, which would be determined in the procedure of “Day 1”.
Given that the protocol of “Day 1” requires specialised instruments, it would not be
feasible in the day-to-day, and it was proposed that pre-defined power values derived from
an empirical measurement taken by Coggan be used [71].
Table 3.1 shows the median value of Maximum Power Output (MPO) during a 5-minute
test2 for volunteers who do not practise cycling professionally.
Table 3.1: Pre-defined values of Maximum Power Output (MPO) by gender
Males (W/kg) Females (W/kg)
2.74 2.26
The power associated with the calibration test will be obtained by means of the expression:
Power(Day 2) =MPO(Gender)×massvolunteer (3.1)
2Will be a relative value of power per unit of mass, corresponding in theory to the load per unit of mass
that the volunteer manages to bear during a test of approximately 5 minutes, before reaching exhaustion
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3.2 Identification of Fatigue Indexes
EMG and ECG signals were the means selected for achieving the goal of objectively
evaluating the fatigue state. However, the data acquisition alone does not allow immediate
conclusions to be drawn about this state.
Signals constitute a means with high information potential, and must be processed in
a manner that is adapted to the specific characteristics of the problem to be solved.
Objectively, this process of extracting knowledge is carried out by analysing linear or
non-linear parameters derived from the signals.
However, it is not always possible to make generalisations about the problem situation
based on the absolute value of these parameters (also referred to as indexes or features),
as is the case with fatigue.
The process of acquiring fatigue varies considerably from subject to subject and between
muscles, depending additionally on the type of contraction [72, 73]. It is therefore necessary
to find an alternative way that makes it possible not only to extract knowledge about this
phenomenon but also to make generalisations about it.
One of the possible approaches, followed in this project, consisted in centring the
analysis on the evaluation of the evolution trend of a given index over the course of the
acquisition, that is, during the disturbance of the fatigue variable, by processing the data
and extracting the indexes over a sliding window3. This chapter explains two methods
used to identify trends related to the acquisition of fatigue.
3.2.1 Assumptions
In simple terms, a trend can be considered to be a binary concept in which the possible
result will be growth or decline, mathematically inferred by generating the linear regression
line which best fits the experimental data.
The generated line is characterised by a slope, where negative values are indicative of
a declining trend while positive values relate to a growing trend.
Based on this principle, the indexes described in section 2.3 were extracted from the
EMG and ECG signals acquired in the fourteen pilot tests (Table 3.2), and their evolution
trend was evaluated using two methods, which are set out in the sections that follow.
The selection criterion of some of the indexes is because of the fact that were frequently
referenced in the studies on fatigue and the rest were studied in a convergence logic, since
they were already entered in the Plux EMG and HRV processing systems. It was therefore
interesting to see whether they could be adapted to this new purpose.
3Each window includes a segment of the signal, and the value of the index under analysis is extracted
by considering the samples contained in the window.
After the extraction, the window moves in such a way as to cover another segment of the signal. This is
followed by another index extraction.
The process is repeated consecutively until the last sample of the signal is reached. The final result is a
time series with a number of samples that matches the number of windows, and with a time coordinate
that is the instant corresponding to the centre of the window and the value of the index
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Table 3.2: Properties of the population sample formed by 14 subjects [74]
Variable Value ± Standard Deviation
Age (years) 24.5 ± 3.6
Body mass index (kg.m−2) 23.7 ± 1.7
V O2max(mL.kg−1.min−1) 52.5 ± 5.7
Power at V O2max (W) 204.5 ± 33.7
An index denoting a trend for a given subject in isolation is not of interest, but if this
trend is observed in all or a large part of the sample, it may constitute a pattern in the
EMG/ECG signals, relating to the “fatigue” variable, and the index will therefore be an
indicator of this state.
It should be highlighted that the pilot acquisitions, where the two trend identification
methods were applied, come with some constraints, given that the EMG and ECG signals
were not recorded synchronously and there are errors in the acquisition of three subjects’
ECG data. This means that the sample of 14 subjects is reduced to 11 for the analysis of
electrocardiographic data.
The EMG signal was collected for five muscles located in the lower limb: Rectus
Femoris, Vastus Lateralis, Vastus Medialis, Semitendinosus and Biceps Femoris. This was
done exclusively during the period in which the volunteer acquired fatigue.
The ECG signal, meanwhile, was acquired during and after the period in which fatigue
was induced, which means that information was obtained about when the “fatigue” variable
evolves in the additive direction and when it evolves in the subtractive direction, in the
recovery phase.
To evaluate whether an index constitutes a fatigue index, it is necessary to consider
its evaluation in opposing conditions, that is, when the “fatigue” variable arises and when
it dissipates.
In the ECG signal, data were obtained in these two situations, unlike the EMG signal,
considering no information exists about the recovery phase.
However, the setting-in of fatigue and the speed at which this takes place depends on
the individual characteristics of each muscle and its level of activity during the task being
monitored.
Some authors [75, 76] point out that in conditions similar to those of the protocol used,
the Vastus Medialis muscle is quite resistant to the installation of fatigue. The decision
was therefore made to classify the EMG signal from this muscle as a counterexample to
the setting-in of fatigue.
Ideally fatigue should not be present, in order for the example to be robust. However,
taking into account the specific characteristics of the data collected, this approach is the
best approximation of the conditions in which the “fatigue” variable dissipates or at least
does not set in.
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Given that a sliding-windows system is used to extract the indexes, there are two
methodological variables to be considered: the most suitable window size for analysing the
trends and the respective time-step.
Thus, the two methods that follow were intended not only to produce a list of indexes
with the potential to provide information about the fatigue state, but also to define the
ideal conditions for transforming this potential into knowledge.
3.2.2 Empirical Method
The first method that was followed with the aim of identifying trends in the collected
EMG and ECG signals was an empirical process based on a voting system [77, 78]. It
was a simple and introductory approach intended to flag up indexes with the potential to
provide information about the fatigue state.
While this list was not definitive, it provided useful indexes that were partially corrob-
orated at the end by the second method applied (detailed in the next section).
During the processing, an analysis was conducted of the EMG signal in 14 subjects
and of the ECG signal in 11 subjects, and various processing window sizes were combined
with different time-steps (the processing was repeated for each combination of window size
and time-step).
For each type of analysis, characterised by a window size (windisize) and by a time-step
(windjstep), forming a [windisize,wind
j
step] pair, the evolution time series of each Indk index
was obtained, and the linear regression line which best fitted the experimental data was
then generated.
The slope and the correlation coefficient were stored in a text file, each line consisting
of the fields:
subject_under_analysis | window_size | space_between_windows
name_of_parameter_under_analysis | correlation_coefficient_r2 | slope_ m
The information was subsequently organised in a matrix format, using two matrixes.
In both matrixes, each cell had the following headings: the type of analysis ([windisize,
windjstep]) to which relates and the name of the parameter (Figure 3.1).
The content of the cells in Matrix A is the average value of r2 (associated with the
[windisize,wind
j
step] combination), taking into account all the subjects.
In Matrix B, each cell contains a score calculated based on the polarity of the slope.
The score to be incorporated into the [windisize,wind
j
step, Ind
k] cell of Matrix B is
obtained by counting the number of positive slopes and the number of negative slopes, as
demonstrated by the following expression:
score= #m+× 1 + #m−× (−1)#Subjects (3.2)
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Figure 3.1: Appearance of the matrix summarising the parameters of the linear regression
applied to the processing results
A score very close to 1 indicates that the evolution trend of the Indk parameter,
when fatigue arises, will be in the upward direction, with the evolution series of the index
denoting an increase over the course of the acquisition in most or all of the subjects.
Inversely, a score close to -1 defines a downward trend for the population sample being
studied, with a large number of subjects displaying an Indk evolution in the downward
direction.
A score close to 0 represents incoherence, that is, some subjects display an evolution
in the upward direction and others in the downward direction, with the “negative” votes
cancelling out the “positive” votes in the numerator of expression 3.2.
In this situation, the index does not show a consistent evolution for the various subjects
and therefore should not be considered to be a fatigue index.
Thus, the score in the [windisize,wind
j
step, Ind
k] cell of Matrix B defines the dominant
direction of the Indk evolution trend and how regular and consistent it is in the subject
sample.
In contrast, the cell of Matrix A, with the same coordinates, provides an indication
of the quality of the linear adjustment, establishing whether or not the evolution of the
index denotes linear behaviour.
As mentioned, the score may assume values between -1 and 1, giving rise to the
fundamental question of how to know whether a given score does or does not signify the
existence of a trend in the data.
The criterion used was strictly empirical and was based on a probabilistic logic.
Essentially the aim was to evaluate the score on a new level of abstraction, that is, by
establishing a correspondence between the domain D and the codomain CD:
D → CD
[−1,1] → {Coherence Zone, Incoherence Zone}
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In order to ensure that it is not more probable for the class “Coherence Zone” or
“Incoherence Zone” to be attributed, the decision was made to divide the domain into two
parts of equal size ([−1,−0.5]∪ [0.5,1]→ “Coherence Zone” and ]−0.5,0.5[→ “Incoherence
Zone”).
An index Indk would be considered to be a potential indicator of the fatigue state if
the two following conditions were met:
1 The modulus of the average value of the score, including all the types of analysis,
must be greater than 0.50 during the fatigue induction phase (falling within the
“Coherence Zone”);
2 Between the fatigue acquisition phase and the recovery phase, the average value of
the score must invert the signal or switch to the “Incoherence Zone” characterised
by an average modulus score of less than 0.50.
Despite being based on logical criteria, the method presented is empirical in nature
and therefore carries with it some subjectivity.
In order to ensure certainty in the interpretation of the results produced, a validation
process was carried out.
There was one relevant doubt relating to randomness, that is, it was necessary to know
whether the score might denote values in the coherence zone when faced with a random
set of samples.
The most direct approach for resolving this doubt was by generating a set of N random
slopes, the respective score being calculated as it was for the population sample.
Multiple generation cycles were carried out with varied set sizes (1, 10, 100, 1000 ...
random slopes), to see whether the slope would converge to 0 when faced with a set of
random events, that is, whether the method indicates that there is not a trend in a random
universe.
The results (Figure 3.2a) made it possible to conclude that for reduced sample sizes,
such as those in this study, there is a chance that high scores will emerge in relation to a
set of random events. This is undesirable, and therefore trends need to be identified using
another method.
Figure 3.2b illustrates this problem in more detail. The number of elements in the
sample of random slopes is fixed at 11 (identical to the number of ECG signals available)
and the calculation of the score is repeated in multiple iterations (in each iteration 11 new
random slopes are generated).
However, it should be noted that as the size of the sample increases the score converges
to 0, indicating that the empirical method is a promising approach for identifying trends
in a test with multiple volunteers, provided that the sample has a reasonable size (tests of
at least 50 volunteers).
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a Convergence of the score when the empirical
method of evaluating trends was applied in a suc-
cessively greater population sample



















Thresholds of Coherence Zones
b Demonstration of the weakness of the empirical
model for small population samples (11 elements),
where the score can assume high values highlight-
ing trends in random events
Figure 3.2: Process of validating the empirical method for identifying trends
3.2.3 Method Based on a Meta-Analysis
The second method that was followed fell within the scope of a Meta-Analysis, an area
which encompasses procedures for combining information in an objective way.
For this study, the objective would be to identify trends using the information contained
in the slope of the linear regression line that best fitted the experimental data. There are
literature references which describe approaches in this respect.
One method in particular, referred to in [79], made it possible to preserve the basic
logic of the empirical method, that of generating the linear regression line, in order to
deduce the evolution trend through the slope.
Once the linear regression line of the evolution of the Indk index had been generated
for each subject, there were 11 to 14 slopes (for the ECG and EMG data, respectively).
These were combined into a single slope, by calculating a weighted average of the individual
slopes of each subject s (Expression 3.4), in which the weight corresponds to the inverse










Greater variance means that the estimate of the individual slope ms is less accurate
and must therefore have less weight in the weighting, in contrast to subjects in which the
variance is lower.
The combined slope has a variance associated with it, of a value equal to the inverse






3.2. IDENTIFICATION OF FATIGUE INDEXES
With this information (estimate of an average slope and its variance), it was possible
to determine the 95% confidence interval.
By definition, the confidence interval is the interval in which there is 95% confidence

















m̂comb and σ̂2mcomb being the estimated values of the combined slope and of its variance and
F−1t(n−2) reflecting the value of the t-student statistic for n− 2 degrees of freedom, with n
establishing the size of the population sample (in this case 11 or 14 subjects)
So, the “outputs” of this meta-analysis correspond to the combined slope and to the
respective confidence interval in the calculation.
The greater the slope, in absolute value, the more well-defined the trend.
A smaller confidence interval reflects a more accurate estimate of the combined slope
and less incoherence.
If the confidence interval only contained values with signs identical to the combined
slope, it would be accepted that the evolution of the studied index followed a trend (Figure
3.3b).
Otherwise, the index would be excluded from the analysis since the uncertainty and
incoherence associated with the combined slope would be high, and there would be a
chance that the real value could be positive or negative [80, 81] (Figure 3.3a).







Marker with mcomb 95% Confidence Interval
a Graphical result of the Meta-Analysis when no
trend exists







Marker with mcomb 95% Confidence Interval
b Graphical result of the Meta-Analysis when a
trend exists
Figure 3.3: Forest Plots graphically synthesising the results of the meta-analysis, based on
the estimate of the combined slope and the respective confidence interval
Ideally, the aim was to obtain a combined slope which was as high as possible (in
absolute terms), demonstrating a marked pace of variation in the series and a reduced
confidence interval/variance.
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Thus, for an index considered to be a fatigue index since it denotes trend behaviour,
according to the meta-analysis criterion, the most favourable analysis [windisize,wind
j
step]
for extracting it would be if it produced a combined slope and a variance which maximised
the difference between the two magnitudes, or, equivalently, minimised the coefficient of







Considering that different analyses were carried out for each index, the criterion used
for excluding ECG indexes was based on the following premises:
1 Any index that does not meet the conditions defined in the meta-analysis (confidence
interval associated with the combined slope contains positive and negative values),
in the analysis which minimises the coefficient of variation in the segment of the
signal relating to the fatigue induction phase, will be excluded;
2 From the list of remaining indexes in step 1 , the indexes which (i) denote an
inversion of the combined slope (in the best analysis) between the fatigue induction
segment and the recovery phase or (ii) where the confidence interval in the recovery
phase contain positive and negative values (characteristic of undefined estimate) are
considered to be fatigue indexes.
As mentioned in section 3.2.1, the EMG acquisitions relate exclusively to the fatigue
acquisition phase, that is, electromyographic data were not collected in conditions of less
demanding exercise that could represent a recovery phase.
Thus, there must be an adaptation in the premises used to identify fatigue indexes,
and the new formulation must be based on the fact that signals from different muscles
were acquired during the test, two of these being more exposed to the effects of fatigue
during the cyclic movement of the lower limbs.
The two muscles in question are the Rectus Femoris and Vastus Lateralis, according
to the literature review carried out [84, 85]. From the start, it was expected that the data
collected from these muscles would show the most coherent trends in the EMG indexes (in
particular in the Rectus Femoris), in contrast to the Vastus Medialis muscle, which would
be less exposed to fatigue [75, 76].
The analysis of results was limited to the Rectus Femoris and Vastus Medialis muscles,
given that these constitute the muscles in “extreme positions” in terms of susceptibility to
fatigue acquisition (a fatigue index must display a well-defined evolution in the first and
an indefinite evolution in the second).
Thus, the criteria used in this study to characterise an EMG index as an indicator of
fatigue were as follows:
1 Any index that does not meet the conditions defined in the meta-analysis (confidence
interval associated with the combined slope contains positive and negative values),
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for the analysis which minimises the coefficient of variation in the Rectus Femoris
muscle, will be excluded;
2 From the list of remaining indexes in step 1 ), the indexes which for the Vastus
Medialis muscle in the reference analysis (identified in Premise 1 ) do not meet the
validity criterion according to the conditions defined in the meta-analysis (confidence
interval associated with the combined slope contains positive and negative values), or
where there is inversion or incoherence in the evolution of the index, are considered
to be fatigue indexes.
3.3 Definition of a Global Fatigue Index
As mentioned previously, the acquisition of fatigue is a complex phenomenon, not only in
terms of how it originates but also in terms of how it manifests.
Although individually some EMG and ECG parameters evolve in parallel to this state,
as indicated in section 2.4.4 and demonstrated in section 4.1, combining the information
to conduct a global analysis of the phenomenon from different perspectives stood out as
an interesting opportunity.
The appeal of this approach is not limited to the fact that information from several
signals and therefore several indexes can be integrated. It is also possible, with a single
value, to synthesise the information from multiple sources, making communication with
the end user of the system more simple and intuitive, which is one of the objectives of the
project.
3.3.1 Formal Specification
The selected approach involved determining a weighted average. Thus the global fatigue
index (GFI) at the instant i will have the sample i of each fatigue index as terms and the
value of a parameter derived from the meta-analysis (coefficient of variation) as weights,
as described in section 3.2.3.
It should be highlighted that all the input terms were normalised using the maximum
value of each fatigue index, in the course of a calibration test.
The calibration test consists in applying the protocol of “Day 2”, set out in section
B.2.
Each fatigue index Indk will have a window size and time-step ([windisize,wind
j
step])
that are ideal for analysing it and an associated coefficient of variation (Expression 3.7).
The weight of each individual fatigue index (IFI) in the calculation of the global index
will thus be defined by the inverse coefficient of variation corresponding to the most
favourable [windisize,wind
j
step] combination as demonstrated on Expression 3.8 and Figure
3.4.
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N being the number of fatigue indexes to be considered, IFIk[i] being a sample of the
fatigue index k and CV being the coefficient of variation for the most favourable window
size and time-step combination for the extraction of the IFIk index
Figure 3.4: Diagram summarising the mechanism for determining a sample of the global
fatigue index (GFI), based on a sample of each of the N individual indexes (IFI) and the
coefficient of variation (CV) calculated during the trend identification phase
An index with a higher coefficient of variation has less weight in the definition of
the global index, this being a logical option, so that each index is attributed a weight
proportional to the degree of certainty in the identification of its evolution trend in fatigue
conditions4.
3.3.2 Fatigue by Levels
In order to provide the user of the system with information at a higher level of abstraction,
a ternary scale reflecting the severity of the fatigue state is depicted in addition to the
evolution of the value of the global index.
The scale is characterised by “Green” zones associated with a low level of or no fatigue,
“Yellow” zones indicating the marked setting-in of fatigue, and “Red” zones representing a
problematic level of fatigue, with a high potential to cause lesions.
Considering that the global index has values between 0 and 1, owing to the fact that
all the terms used in its determination are normalised, this interval needed to be divided
into three zones, that is, through two thresholds.
4Recalling the definition of coefficient of variation in section 3.2.3, it was concluded that higher values
illustrate situations in which the variance, in the determination of the combined slope for the evolution of
a given index, is higher and therefore the determination of the combined slope is more uncertain
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The choice of thresholds was based on an objective, albeit merely statistical, criterion.
In the future it will be necessary to understand their physiological correspondence or
possibly reformulate them.
Thus, after the calibration test is carried out, it is processed to extract the maximum
values of each index and the thresholds. This information constitutes a “Volunteer Profile”,
making it possible to carry out a subsequent personalised analysis that is adapted to the
specific characteristics of the individual.
During the processing of the calibration test, the evolution of the global index over
time is outlined and a box plot is then prepared, to provide a graphical illustration of the
distribution of the samples.
The separation threshold between the “Green” and “Yellow” zones corresponds to the
median while the separation threshold between the “Yellow” and “Red” zones is the 25th
percentile (Figure 3.5).
Figure 3.5: Graphical correspondence between the thresholds defining the fatigue zones
and their origin in the box plot
3.4 Classifiers
Defining the global fatigue index was an interesting approach for synthesising and inte-
grating information from several signals. However, despite the fact that the initial results
show it to be viable, it is still only an attempt.
Thus, in order to supplement the information supplied by the global fatigue index, the
decision was made to implement a binary classification system based on a Support Vector
Machine.
In parallel, the classification results will be able to help validate those that exist for
the global fatigue index.
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The incentive of this option was the fact that it is a robust method with a scientific
basis which can be easily incorporated into the processing given the existence of a number
of Python libraries for this purpose.
One of these libraries is known as scikit-learn and provides numerous tools in the area
of Machine Learning, making it a wide-ranging and extremely intuitive solution. It was
for this reason that it was chosen to create the classifier.
As mentioned, the implemented classifier is a binary one, and returns the result of
“Positive Fatigue” class when fatigue is setting in and “Negative Fatigue” class when the
body is in the recovery phase and the level of fatigue is dropping.
As well as the class being attributed to the volunteer at a given instant of the test, the
degree of certainty in this classification (“probability of accuracy”) is also given.
Considering the set of signals available (11 ECG signals and 14 EMG signals), the
subjects for which ECG data were not acquired were excluded and the sample was limited
to 11 subjects for classification purposes.
For these 11 subjects, the respective ECG and EMG signals were divided into two
segments.
The first segment corresponds to the first half of the acquisition, while fatigue can be
found in the body at low levels, reflecting the conditions covered by the “Negative Fatigue”
class.
As for the second segment, given that it covers data from the more advanced phase of
the test, it follows that there must already be significant levels of fatigue and it therefore
fits the conditions intrinsic to the “Positive Fatigue” class.
In total, splitting the acquisitions from the 11 subjects into two parts resulted in
22 training examples, 11 of the examples relating to the “Positive Fatigue” class and
the remaining 11 to the “Negative Fatigue” class. This made it possible to maintain
equilibrium during the training phase and avoid biased behaviour later on, which could
occur if the numbers of training examples in the two classes were very different.
To summarise, at the start there were 14 subjects, but ECG and EMG data were only
simultaneously acquired for 11. The EMG and ECG acquisitions from each of these 11
subjects were segmented into two parts, giving rise to two training examples (one for each
class), as shown on Figure 3.6.
Considering that we have an N number of EMG fatigue indexes and an M number
of ECG fatigue indexes, for each of the training examples, characterised by the set of
corresponding EMG and ECG data, N+M evolution series were generated (one per index)
through the sliding-windows mechanism.
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Figure 3.6: Graphic summary of the procedure from the initial population sample of 14
subjects up to the 22 examples for extracting features
The following two features were extracted per series:








L being the number of samples of the index Indi extracted from the analysed segment
of the EMG or ECG signal and maxIndi functioning as a normalisation term defining
the maximum value of the Indi index taking into account the entire acquisition, that
is, the EMG or ECG signal before the segmentation







Indistart and Indiend corresponding to the value of the Indi index in the first and last
sample of the time series and tstart and tend to the respective time instants
With these two features, the aim was to take account of, firstly, the information about
the absolute value of the fatigue indexes (through feature1) and, secondly, the evolution
trend (through feature2, which defines the percentage of average variation between two
samples).
A training example is thus reduced to a vector with 2× (N +M) entries (Figure 3.7).
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Figure 3.7: Graphic summary of the procedure for extracting features from the evolution
time series of each fatigue index
The next phase of constructing the classifier was Feature Selection. The aim of this is
to remove redundant or meaningless parameters which would increase the complexity of
the classifier and not always translate into an improved performance. Without this step,
the risk of overfitting to the training increases, making the classifier less able to categorise
a new testing example.
There are different approaches to feature selection such as filter methods or wrapper
methods.
In the first method, a ranking will be attributed to the features5. The least relevant
ones will be excluded and the classifier will be trained later [86].
The second method is characterised by the fact that the selection phase includes a
classification algorithm, and features will be excluded or selected according to the quality
of the trained classifier.
In our implementation, the wrapper method was chosen, and the least relevant features
were eliminated recursively.
This choice was based on the fact that the features are ultimately intended to train
a classifier. Thus by incorporating a classifier into the selection phase, it was possible to
“judge” the relevance of the features in conditions similar to those used during the training
phase, making the process logical and efficient.
In computer terms, the feature selection was split into two phases:
1 Determination of the ideal number of features by applying the scikit-learn RFECV
function – combining recursive elimination and cross-validation;
2 Determination of the final list of features by making use of the scikit-learn RFE
function.
5Using the Pearson correlation coefficient to evaluate the impact that the feature under analysis has
on the target class of the training example, or the Mutual Information parameter which defines whether
two variables convey shared information
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In phase 1 , the following was defined as an input argument: the type of classifier
(estimator) to be used, the number of features to be excluded in each iteration of the
recursive process, and the way in which the cross-validation process takes place.
In this case, an SVM with a linear kernel was chosen as the estimator, based on the
assumption that we had linearly separable classes.
The number of features removed in each iteration was equal to 1 and the cross-validation
strategy was based on estimating the quality of the classifier using a stratified k-fold logic.
Thus, the process was formed by 2× (N +M) iterations corresponding to the original
number of features.
In each iteration, a classifier was trained, and in the first iteration all the available
features were taken into account in the training phase.
Given that the RFECV function includes a cross-validation component, the training
set is defined by partitioning the original training set.
K sets are created, each one containing a training subset and a testing subset owing
to the partition of the original training set.
Given that use was made of an estimate based on stratified cross layers, in each of the
K sets formed the proportion of examples of the “Positive Fatigue” class and “Negative
Fatigue” class was approximately equal for the training subset and for the testing subset.
The classifier created in the form of an object, using the SVC(kernel=‘linear’) command,
after the training phase was associated with a parameter known as coef_ which attributes
a weight to each feature, resulting from the mathematical formalism arising from the
Support Vector concept that characterises Support Vector Machines.
More relevant features in the training phase are associated with a larger coefficient.
After the training phase, the testing subset was used to estimate the classifier quality.
The Training → Testing → Estimation of Quality sequence took place K times (one
for each fold, that is, for each set containing the stratified training and testing subsets).
Thus, for each iteration of the RFE method we had K sub-iterations, that is, per set
of features K classifiers were created, and the respective quality was estimated using the
average quality of the classifiers created in the K sub-iterations.
Once the iteration had ended, and before the following iteration began, the feature
with the lowest weight in the training phase was removed (with the lowest coefficient in
the coef_ vector).
Taking account of the new set of features, a new classifier was trained, and the above
method was repeated in its entirety, the least relevant feature being excluded in each
iteration until only one feature remained.
At the end, the RFECV function returned the ideal number of features, corresponding
to the number of features involved in the training phase of the classifier with the best
quality according to the cross-layer estimation.
Once the ideal number of features was known, the RFE function was executed defining
this value as one of the input arguments, and the above process was repeated but without
the cross-validation phase.
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This sequential application of RFECV and RFE made it possible, firstly, to find out
the ideal number of features Idealnbr and subsequently, knowing this number, to check
what the most relevant features actually were.
Once this process was complete, Phase 2 was initiated, and the SVM-type classifier












This chapter will set out the results that were obtained, particularly in terms of the signal
processing, which is key for identifying the EMG and ECG indexes with the potential to
provide information about fatigue.
In addition to these results, a description is included of the plugins for real-time
processing of the EMG and ECG signals. These plugins played an important role in
implementing the offline fatigue monitoring system, described in the last section.
4.1 Indexes with Information Potential
Considering that to extract knowledge about the fatigue state from the EMG and ECG
signals one would need to identify patterns in the evolution of the respective indexes, both
trend-identification methods were applied, these being described in section 3.2.
The empirical method defined an exploratory approach preceding the meta-analysis,
which gave rise to the final list of indexes with the potential to provide information about
the fatigue state, since these denote characteristic behaviour over the course of the fatigue
induction test for the population sample under study.
Taking into account the criteria established in section 3.2.2 for the empirical method,
the parameters in Table 4.1 marked with the ♣ symbol were considered as potential fatigue
indexes.
The results are set out in Appendix C.
It should be highlighted that although all the parameters derived from the ECG signal
are intended for the same purpose, that of analysing heart rate variability, they provide
additional information, which explains why they are all analysed in the current phase of
the project.
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Table 4.1 also shows the typical evolution of these indexes during the fatigue induction
phase. It may be observed that all the HRV indexes convey the information that heart
rate variability decreased as fatigue set in.
Once the empirical method had been applied, a meta-analysis of the data was conducted
(Appendix C). This provided the definitive list of indexes with fatigue information potential
which met both conditions specified in section 3.2.3. These indexes are marked in Table
4.1 with the ♠ symbol.
Table 4.1: List of indexes with fatigue information potential
EMG
Index Name Evolution Flags
Median Frequency (Fourier Analysis) ↓ ♣♠
Median Frequency (Wavelet Analysis) ↓ ♣♠
Major Frequency ↓ ♠
Major Time ↓ ♠
Convex Hull Area ↑ ♣
Time Dispersion ↑ ♣
ECG
Index Name Evolution Flags
Maximum Duration of RR Intervals ↓ ♣♠
Minimum Duration of RR Intervals ↓ ♣♠
Average Duration of RR Intervals ↓ ♣♠
rmsSD ↓ ♠
SDNN ↓ ♣♠
Triangular Index ↓ ♣♠
SD2 ↓ ♣♠
Power in LF Band ↓ ♣♠
Power in HF Band ↓ ♣♠
Median Frequency ↑ ♠
When the results of the two methods are compared, it may be seen that almost all the
identified fatigue indexes are flagged by both methodologies.
In addition to the fatigue indexes contemplated by the empirical method, Major Fre-
quency, Major Frequency, rmsSD and HRV Median Frequency are part of this list.
The most favourable window size and time-step combination for extracting each index
was considered to be that which provides the lowest coefficient of variation, that is, the
chosen combination was that which maximised the difference between the value of the
variance and the value of the combined slope associated with integrating the evolution
information of the index for the various elements of the population sample.
For each index, the ideal extraction conditions are listed in Table 4.2.
Given that the maximum, minimum and average duration of RR intervals provide
identical information about the way in which the heart rate evolves, the decision was made
to include only the average duration of RR intervals in the fatigue monitoring system.
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Table 4.2: Presentation of the ideal window size and time-step combination for extracting
each fatigue index
Signal Domain Parameter Window Size Time-Step
EMG Frequency Median Frequency 10 Bursts 1 Burst
EMG Time-Frequency Median Frequency 10 Bursts 1 Burst
EMG Time-Frequency Major Frequency 10 Bursts 1 Burst
EMG Time-Frequency Major Time 25 Bursts 0 Bursts
ECG Time Maximum Duration of RR Intervals 30 s 3 s
ECG Time Minimum Duration of RR Intervals 30 s 3 s
ECG Time Average Duration of RR Intervals 30 s 3 s
ECG Time rmsSD 50 s 45 s
ECG Time SDNN 30 s 3 s
ECG Time Triangular Index 60 s 30 s
ECG Time SD2 30 s 3 s
ECG Frequency Power in LF Band 30 s 3 s
ECG Frequency Power in HF Band 30 s 3 s
ECG Frequency Median Frequency 30 s 3 s
For the same reasons, rmsSD was excluded, given the similarities with SDNN. It was
observed that, according to the criteria established for trend identification, the rmsSD
parameter is closer to the exclusion zone than SDNN.
The Major Time was excluded due to the extreme conditions that characterize the
best analysis. An OTSU Level of 2 means that the scalogram has a small amount of
information, so, we should not take definitive conclusions.
4.2 Typical Evolution of the Global Index
Considering that the global fatigue index is a weighted average which takes into account
the values of the various indexes contained in the list of section 4.1, before the results
were analysed, it could be expected that the global index would decrease as fatigue was
acquired, given that almost all the indexes evolve in this direction.
This expectation was confirmed, and a graphical example of this result is provided in
Figure 4.1, relating to one of the subjects of the population sample, which is representative
of the global behaviour observed for the rest of the sample as may be seen in Figure 4.2.
Figure 4.1: Typical evolution of the global fatigue index during the fatigue induction phase
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Figure 4.2: Evolution of the global fatigue index during the fatigue induction phase for the
11 subjects (the thresholds between colored zones were determined through the average of
thresholds obtained on the calibration protocol of each subject)
4.3 Classification Systems - Comparative Study
When implementing a classification system it was considered to be extremely important to
have an objective understanding of how said system would behave when interacting with
new testing examples.
A classifier should function correctly when the testing examples are very similar to
the training examples. However, if there is a testing example with characteristics that are
somewhat disparate, the robustness of the system will be challenged.
Thus, what makes a classifier robust is its capacity to establish correspondences even
when the similarities are more tenuous.
To estimate the quality of the implemented system, there were different methods to be
followed, namely Cross-Layer Estimation1 and Leave One Out2.
Both methods were applied to the SVM classifier that was created, using the cross_val_
score function of the scikit-learn library, and specifying the methods LeaveOneOut and
StratifiedKFold in the cv argument.
The estimated success rates are set out in table 4.3.
1In this method, the training set is divided into N subsets with approximately the same number of
examples. Using N −1 iterations, each of the N subsets acquires the role of testing set, while the remaining
N − 1 subsets are used to train a “partial” classifier. Finally, one obtains an estimate of the error of the
original classifier through the partial errors of the N − 1 partial classifiers.
2The Leave One Out method is a particular case of cross-layer estimation. It involves creating a number
of partial classifiers which is equal to the number of training examples. In each iteration, one training
example assumes the role of testing example, while the rest are used to train the “partial” classifier.
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Table 4.3: Success rates of the classifier using the Cross-Layer Estimation and Leave One
Out methods
Cross-Validation Method Scoret1 95 % Confidence Interval
Leave One Out 0.82 ± 0.39 [0.66;0.98]
Stratified K-Fold 0.82 ± 0.24 [0.68;0.96]
t1 Between 0 and 1
Considering that the Leave One Out estimate is often optimistic, attention was focused
on the result obtained with the Stratified K-Fold method, where the confidence interval is
slightly broader.
Recalling the description provided in section 3.4, planning the training phase involved
extracting two features from the evolution series of each fatigue index (Section 4.1). Con-
sidering the ten parameters with fatigue information potential, each training vector was
therefore formed by twenty features.
The results of applying the Recursive Feature Elimination method, which are based
on the RFECV and RFE functions of the scikit-learn library as set out in section 3.4,
havled the number of features, given the value returned by the RFECV function (Figure
4.3). It may be observed that Feature 2 did not have an impact on the classification,
largely because of the smaller scale associated with it. Therefore in order for it to have
any significance the scale of the two Features would need to be made the same.
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Figure 4.3: Results of applying the RFECV function with the scores obtained in each
iteration, where the number of features taken into account varied
Thus, in view of the results of the Feature Selection, for the testing examples only
Feature 1 was extracted.
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The aim in the implemented system was for the classifier to supply a result over the
course of the acquisition. The extracted features which characterise the testing examples
were therefore adapted slightly in relation to the features that exist for the training
examples, in such a way as to fulfil this aim of ensuring that classification takes place over
time. This was important for implementation in an offline context and particularly for
future real-time versions.
The adaptation of the features (those which remained after the Feature Selection phase
described in section 3.4) gave rise to the following formalism:
• Average value of the normalised series (Feature 1) - substituted by the normalised
instantaneous value of the index (the value which represents the processing window)3;
• Relative Variation Rate (Feature 2) - not taken into account in the examples in the
final training and consequently in the testing examples.
Prior to the implementation of this logic in programming terms, there was the expecta-
tion that the behaviour of the classifier would initially consist in attributing the “Negative
Fatigue” class and that it would have a degree of certainty in the order of 100%.
This percentage would decrease over the course of the test until the “Positive Fatigue”
class emerged on top in the final phase of the test. This did indeed occur (Figure 4.4),
although this statement carries with it some reservations.
Figure 4.4: Evolution of the classification decision over the course of the acquisition,
showing the degree of certainty in the attribution of each class, returned by the SVC
object
As with the global fatigue index, where the analysed acquisition itself was used as
a calibration test, in this case only the acquisitions used in the training examples were
available to test the classifier. Therefore it was used a Leave One Out strategy to guarantee
that the classification results for each subject (Figure 4.5) were not affected by its own
training example, which would originate optimistic results.
3Considering that not all the fatigue indexes are extracted at the same frequency owing to the different
window size, in the offline processing, the evolution series of each index are interpolated so that they
have the same number of samples (corresponding to the size of the time series with the largest number of
samples).
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Figure 4.5: Evolution of the classification decision over the course of the acquisition for
each one of the 11 subjects
4.4 Fatigue Analysis Plugin - Foundations
The implementation of the final monitoring system and future derivations were largely
based on the answers to the following questions:
1 From the list of EMG and ECG indexes (Section 2.3), which provide information
about the process of fatigue setting in ?
2 What are the constraints of a real-time processing system ?
Answering the first question began with the literature review provided in section 2.4.4,
while in section 4.1 some of the referenced conclusions were validated, and new indexes of
potential interest for evaluating fatigue were identified.
In terms of the second question, one way to answer this would be through experience,
given that any computer implementation depends on the context in which it is applied.
In this project, the implemented monitoring system is an OpenSignals system, based
on programming in HTML, JavaScript and Python. This was the framework within which
the first “drafts” of the system were outlined.
OpenSignals has three plugins for processing ECG and EMG signals offline, using a
large portion of the indexes intended for analysis during the project. These plugins emerged
as attractive targets for testing the real-time processing algorithm to be implemented in
the future and the sliding-windows system included in the offline version of the fatigue
monitoring plugin.
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4.4.1 EMG Plugin
For the EMG signals to be processed, the basic step of identifying the periods of muscular
activation must be taken to ensure that the results are not excessively affected by noise.
The EMG signal can be processed offline through two plugins. The first is focused
on detecting periods of muscular activation and parameters such as maximum/minimum
amplitude, area and RMS are extracted from each of these (Figure 4.6).
Figure 4.6: Results shown by the first of the two plugins for processing the EMG signal
(framed by the red rectangle). The first column corresponds to the indexes extracted
from the blue period of muscular activation and the second column corresponds to the
parameters determined from the green period of muscular activation.
In order to fulfil this purpose, the system functions based on the TKEO algorithm
described in section 2.2.1.
In the second plugin, in addition to this function of detecting periods of muscular
activation, a greater number of indexes is extracted, in particular frequency parameters
such as average, maximum and total power. It is also possible to view the histogram of
the EMG signal and its power spectrum (Figure 4.7).
a Time Parameters relating to activation period
# 1 (a), value of the indexes taking into account
the whole signal (b) and histogram (c)
b Frequency Parameters relating to the whole sig-
nal (a) and view of the spectral density spectrum
(b)
Figure 4.7: Results shown in the second plugin for processing the EMG signal, showing
the regions in which results are presented in the interface
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In view of these functions, the proposed solution for processing the EMG signal in
real-time was based on a sliding-windows system used in some studies, where EMG features
are extracted [16, 87, 88]. A general view of the interface is provided in Figure 4.8a.
One of the advantages of real-time monitoring is that it allows trends to be analysed,
that is, how each index evolves over the course of the acquisition, and in the plugins that
function offline the mainly numerical approach is abandoned for a more graphic analysis.
The user has the option of defining the rate at which the representation is updated and
the temporal resolution associated with determining the indexes by specifying the time
distance between windows and their duration, respectively (Figure 4.8b).
a General view of the plugin interface implemented
for the real-time processing solution (incorporated
into the OpenSignals master interface)
b Configurable parameters in the processing sys-
tem based on the sliding-windows mechanism
Figure 4.8: Functions of the EMG plugin for real-time processing, from the point of view
of the user and the programmer
As well as having these configurable options, the user may also decide which type
of digital filter to apply to the EMG signal, as well as its cut-off frequency/ies, so that
information not directly related to muscular contraction is excluded (Figure 4.9a).
In addition, the interface allows the user to edit the two variables on which the TKEO
algorithm depends for detecting periods of muscular activation, these being the smooth
level to be applied to the EMG signal4 and the position of the TKEO threshold5 (Figure
4.9b).
Following this (optional) configuration phase, the user may initiate the processing by
pressing the “Process” button.
There are two categories of extracted index: one of them encompasses the parameters
extracted from the time domain (maximum amplitude, minimum amplitude, average am-
plitude, standard deviation, RMS) and the other, parameters extracted from the frequency
domain (total, average and maximum power of the spectrum and median frequency).
Thus, in each processing window, the above nine indexes are extracted. However, not
all of them may be displayed at once, given the different units and orders of magnitude.
4100% – size of the smooth filter window matches the sampling frequency of the acquisition
5100% – the value matches the maximum of the smoothed signal
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The decision was made to include only one graphic region in the interface, to display
the evolution of the time and frequency indexes.
This region is associated with a set of options allowing the user to select which indexes
he or she wishes to observe (Figure 4.9c). If the units are incompatible, the system excludes
the problematic index from the representation, giving priority to the user’s last action.
a Sections of the interface where
the device and channel are spec-
ified (blue), the sliding-windows
system (red), and the filtering pa-
rameters (green) are configured
b Section of the interface in-
tended for configuring the TKEO
algorithm, where the smooth
level and TKEO threshold level
can be defined
c Region containing graphs that
show the evolution of each in-
dex and check-boxes for choosing
which graphs to display
Figure 4.9: Configurable elements in the interface of the plugin for monitoring the evolution
of EMG parameters in real-time, as well as processing results
Nevertheless, samples continue to be extracted even for the parameters that are not
visible. Thus, for each window, the final result of the processing in the Python component
of the system is nine new samples (1/index).
However, these nine samples (stored individually in the respective array, which contains
the past samples of the evolution series of the index) are a summary of the information
contained in various sub-windows, given that the aim is to limit the study to the regions
of muscular activation and not to the zones of inactivity associated with noise.
In other words, in each window, there are multiple periods of muscular activation that
will be detected by the TKEO algorithm, and each of these is established as a sub-window
from which the different EMG indexes are individually extracted.
Supposing that a given window containsN periods of muscular activation (sub-windows),
this means that the new sample to be displayed to the user corresponds to an average of
the N samples obtained in the sub-windows.
Taking into account this mechanism, the processing takes place as normal, and the
graphs update automatically over the course of the acquisition6.
6If the reader so wishes, he or she may consult page https://www.dropbox.com/sh/wb4ucw3dzgq66oc/
AAAUFnlvsjLSNDp3rV-r39Z6a?dl=0 to gain a more in-depth understanding of how the program works, by
watching a video showing the interface in use.
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The efficiency of the EMG monitoring system depends largely on periods of muscular
activation being detected correctly, and it is necessary to check whether the quality of
detection is preserved when the algorithm is switched from offline mode to online mode.
In order to perform this check, a test acquisition of around 1 minute and 20 seconds was
used. Although this is not enough to generalise the conclusions, it provides an indicator
in this respect.
The binarised signal was generated for the offline and real-time implementations, and
in the second case different combinations of the smooth level and TKEO level configurable
parameters were tested.
The Pearson correlation coefficient was then determined between the rectified EMG
signal and the binarised signal in offline mode, and a value of approximately 0.45 was
obtained7.
The procedure was repeated for all the binarised graphs generated from the various
Smooth Level and TKEO Level combinations, and the results were displayed in the form of
an image (X dimension → TKEO Level; Y dimension → Smooth Level; Colour dimension
→ value of the correlation coefficient).
As may be observed in Figure 4.10, the online implementation behaves similarly to
the offline implementation when TKEO Level and Smooth Level fall within the interval
[10, 20] %, demonstrating that the algorithm adapted successfully, and has the additional
advantage of allowing the user to configure the parameters used in the TKEO detection
algorithm.
























Figure 4.10: Correlation coefficients between the rectified EMG signal and the binarised
signal of activations presented in the form of a graph
7The correlation coefficient provides an indication of the degree of similarity between the two time
series. A high value therefore means that the quality of activation-period detection is considerable, since
the binarised graph reflecting the activations conforms to the EMG graph
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4.4.2 HRV Plugin
In normal conditions, the heart beat varies naturally. The absence of this characteristic
could have serious consequences or indicate that the body is in a pathological state.
Understanding the way in which heart rate variability changes in fatigue conditions is
one of the main objectives of this project.
Similarly to that described previously, the first steps in this respect involve switching
the offline HRV processing algorithm in the OpenSignals plugin to the real-time analysis.
The logic used was identical to that applied to the EMG plugin: a global analysis of
the entire ECG signal, in which a sample of each index was extracted, became a graphical
analysis of the evolution of the indexes over time, based on a sliding-windows system.
So, for each index there ceased to be just one value and a time series became available.
As mentioned in section 2.2.2, the tachogram corresponds to the time series from
which the indexes are extracted, and is a derivation of the ECG in which only its periodic
component stands out.
In the offline plugin, after determining the instant of occurrence of the R peaks and the
respective tachogram, time indexes of a linear nature (maximum, minimum and average
duration of RR intervals, SDNN, rmsSD, NN20, pNN20, NN50, pNN50)8 and a non-linear
nature (SD1, SD2 and SD1/SD2) as well as frequency indexes (Power in the ULF, VLF,
LF and HF bands) are originally extracted.
The processing results of this plugin are presented numerically, with the values of each
index having the full tachogram of the acquisition as a basis (Figure 4.11).
In addition, there are some graphical representations, namely the tachogram, Poincaré
plot, power spectrum associated with the tachogram and histograms which geometrically
reflect how the duration of the RR intervals is distributed.
Figure 4.11: Presentation of the processing results of the plugin for offline heart rate
variability analysis
8In section 2.3, indexes NN20, NN50, pNN20 and pNN50 were not described, because they were not
analysed for fatigue monitoring and therefore do not form part of the final version of the system. NN20
and NN50 establish the number of pairs of RR intervals in which the difference in duration between them
is greater than 20 or 50 ms, while pNN20 and pNN50 define the ratio of NN20 and NN50 in relation to
the total number of RR intervals.
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With regard to the version implemented for real-time processing, in addition to the
regions for specifying the device/channel and for configuring the sliding-windows system
(referred to above for the real-time EMG plugin), there is a section of the interface for defin-
ing a tachogram filtering step, that is, the user may specify the minimum and maximum
duration required for an RR interval to be included in the processing (manual removal of
ectopic beats).
Any RR interval which does not fall within these limits will be removed and will not
affect the results.
In terms of displaying the results, the logic of the real-time EMG plugin is replicated,
and there is a set of check-boxes which allow the user to choose which indexes to monitor.
The Triangular Index is the only additional parameter in the HRV real-time processing
plugin, and the parameters NN20, NN50, pNN20 and pNN50 are excluded from the analysis.
In terms of the internal processing operation, the steps and logic are set out in the
flowchart of Figure 4.12.
Figure 4.12: Interface of the HRV plugin for real-time processing, together with its internal
operating logic
The degree of similarity of the tachograms generated by the Pan-Tompkins algorithm
in offline and real-time contexts was evaluated by correlating the two time series, and a
Pearson coefficient of 0.99 was obtained. This indicates that the algorithm was switched
correctly (Figure 4.13).
Given that all the processing is dependent on this base structure, the results of the
real-time implementation can be partially validated, providing us a bigger confidence about
its interpretation during the real-time analysis.
We judged the results by an indirect way, through the evaluation of the efficiency in
generating the structure (tachogram) that constitutes the genesis of all extracted HRV
indexes.
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Figure 4.13: Comparison of the tachograms obtained in the plugin for offline analysis and
the plugin for real-time analysis, showing almost perfect overlapping
4.4.3 Computational Restrictions
The computational resources of a computer system are limited, giving rise to major con-
straints when these are not correctly managed or they are over-exploited.
Thus, when implementing these two real-time processing plugins, some adjustments to
the main projection were necessary to ensure the system worked efficiently and without
collapsing.
In the first versions of the plugin, a time lag began to emerge between the acquisition
and the processed results, that is, the system started operating out of sync with the
acquisition.
In order to make the plugins work more efficient, the following corrections were made:
• Reduction in the number of graphical regions in the interface - this measure was
applied by incorporating the check-boxes for selecting indexes to observe in the
interface;
• Updating of the content of the Dygraph structure - as an alternative to creating a
new Dygraph for each new sample received, the original Dygraph is updated using
the updateOptions method. The user does not notice the effect of this measure,
since in both approaches only one Dygraph would ever be displayed in the interface.
However, if an object was created for each new sample, memory would remain
allocated, contributing to the collapse of the system in the long run;
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• Minimisation of the number of data communications between the Python compo-
nent and JavaScript as well as the volume of data transmitted - to avoid overloading
communication between the two components, instead of the entire time series of
index X being transmitted, only the new samples that have not yet been communi-
cated are transmitted. In addition, instead of communication with the JavaScript
component taking place in each iteration of the Python processing (at each packet
of 150 samples processed), communication is limited to the iteration in which the
indexes are extracted. Only the Python processing results for the indexes selected
for observation in the interface will be communicated to the JavaScript component;
• Avoid storing information in JavaScript - all the data will be stored in Python and
if they are necessary in the JavaScript component they will be requested;
• Minimisation of the Global variables in JavaScript - considering that information in
JavaScript is managed by Garbage Collector, if a temporary variable is inadvertently
declared as a global variable, the data it contains remain allocated to the memory
for an indefinite period. In contrast, a local variable defined as var is “marked” as
disposable, and the Garbage Collector eventually excludes it after some runtime.
The effects of this unnecessary memory allocation may not be noticed in the short
term, but they have implications for the operation of the system in long-lasting
acquisitions.
• Regular cleaning of the Python ↔ JavaScript communications stack - after some
acquisition time, pending communications start to accumulate, generating a gradual
lag between the time of acquisition and the processing results being displayed. With
this approach, some samples may be lost, but the system is guaranteed to work in
sync, a basic requirement for a real-time processing system.
4.5 Fatigue Analysis Plugin - Offline
The methods used for processing the information (Chapter 3) and the results of applying
them, which are summarised in the preceding sections, are an essential research component
for supporting any practical study application.
However, the final solution intended for the user, where all the methods were integrated,
remains to be presented.
The implemented system was incorporated into OpenSignals as an offline plugin for
processing EMG and ECG signals, in order to monitor the fatigue state.
The interface was constructed in such a way as to be attractive and functional, incor-
porating a large part of the functions of the plugins described in sections 4.4.1 and 4.4.2.
However, a brief description of the interface is required to explain the differences in user
interaction (Figure 4.14).
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Figure 4.14: View of the interface of the plugin for monitoring the fatigue state (highlighted
in the right-hand side of the image)
Once the file containing the acquisition has been imported, the system will automati-
cally assign an EMG and ECG origin channel. However, considering the file may contain
more channels, if the assigned channel does not meet the user’s requirements, he or she may
manually configure the channel from which the various fatigue indexes will be extracted,
using the tab shown in Figure 4.15.
Figure 4.15: Focused view of the tab in the interface for specifying the device and channel
associated with each type of signal
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The file used for calibration purposes must then be specified.
In the section intended for this purpose, it is possible to import a previously generated
calibration file, or, alternatively, to import an acquisition containing EMG and ECG data
during the calibration test described in section B.2 (Figure 4.16).
Figure 4.16: File importation options for calibrating the system, and the sequence of steps
The user may then specify the fatigue indexes to be analysed in more detail, namely,
the ones whose evolution over the course of the acquisition he or she wishes to view.
Considering that all the indexes will be needed for the classification segment, if at least
one of them is not selected, the classification system does not produce results and an alert
message appears about this restriction (Figure 4.17).
Figure 4.17: Alert message stating that classification of the fatigue state is not possible,
given that some indexes have not been extracted
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The last section with which the user may interact before the processing phase includes
options for configuring the algorithm for detecting periods of muscular activation. The
digital filters to be applied to the signals can also be programmed, and the size of the
processing window and the time-step for extracting the fatigue indexes can be specified
(Figure 4.18).
Figure 4.18: Section for configuring algorithms and methods used in the processing phase,
showing the tab for specifying the TKEO parameters (in red), the tab for defining the
digital filters (in green), and the zone for editing the size of the processing window and
the time-step (in purple)
It should be noted that all of the above configurations are optional, and the user
may initiate the processing immediately after importing the acquisition, thus keeping the
pre-defined values.
Processing takes a few seconds, largely because it relies on the Wavelet Transform and
corresponding image processing.
The processing time is proportional to the number of samples contained in the acquired
signals. The window size and time-step chosen for extracting each EMG and ECG fatigue
index, also have an important impact at this level, considering, for example, that with
smaller window sizes more iterations are needed for generating the evolution time series.
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Four results are subsequently produced (Figure 4.19):
• Events detected - periods of muscular activation in the EMG signal and R peaks in
the ECG signal;
• Evolution of Fatigue Indexes - the user may select which indexes he or she wishes to
observe, using the interactive zone;
• Evolution of the Global Fatigue Index - fatigue levels are shown through the colour
system;
• Evolution of the Automatic Classification - description of the class attributed by the
classifier over the course of the acquisition.
To assist the user, there is a function which generates a PDF report summarising the
processing results. An example of this is available in Appendix D.
Figure 4.19: View of the various processing results arising from the analysis of the EMG











Discussion of Results and Expectations for the
Future
5.1 Discussion of Results
One relevant aspect is the discussion on the identification of trends. It may be observed
that a large number of the fatigue indexes included in the project are already referenced
in other works, suggesting that the method was applied correctly.
On the one hand, the evolution of the indexes derived from the ECG signal suggest,
in our analysis, that heart rate variability decreases as fatigue emerges, an idea which is
corroborated by various studies [19, 21, 55]. However, there is not a consensus on the
evolution of heart rate variability in these conditions [89] owing to the fact that it is a
phenomenon which is influenced by different mechanisms and variables, such as age or
gender.
In terms of the EMG fatigue indexes (extracted from the frequency domain), the
literature reveals more of a consensus. From the start, it could be expected that the
spectrum would be compressed in the direction of the low frequencies [16–18], and this
was verified in the experiments (Section 4.1).
For trend identification, the linear regression model was chosen as a basis for the
method, owing to its simplicity and the fact that it produces a binary quantification of
the evolution of time series through a negative or positive slope.
However, there are some constraints when it comes to indexes that may not evolve
linearly, and therefore existing the risk that the criteria established in section 3.2.3 could
result in fatigue indexes being wrongly excluded or included.
Despite this issue, the results appear to be robust: through the two methods that were
applied, two very similar lists of fatigue indexes were generated.
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Two ECG indexes (Power in the LF and HF Bands) were extracted in very extreme
conditions from time windows of 30 seconds, given that this was the size with the lowest
coefficient of variation according to the meta-analysis. This means that the frequency
resolution is relatively low and consequently the determination of the power in such narrow
bands (LF -[0.04;0.15] Hz and HF - [0.15;0.40] Hz) may not be very precise. The results
for these indexes must therefore be interpreted with caution.
With regard to the criteria established for including or excluding EMG/ECG indexes
in the list of fatigue indexes, this is the most subjective aspect of the method. However,
the choice of criteria is logical considering the specific characteristics of the acquisitions
used.
In terms of the trained classification system, it should once again be highlighted that it
is experimental in nature, considering that the training set does not contain many examples
(twenty-two), and more acquisitions would need to be carried out to increase the training
set and thus the quality of the classifier.
Moreover, some fatigue indexes may be perceived as redundant, specifically the indexes
for analysing heart rate variability, since all of them are intended for the same purpose (to
study heart rate variability) and show the same evolution. There is a great deal of room
for improvement in this respect, and it is expected that excluding some indexes will not
have too much of an impact on how the classifier works and how the global index evolves.
There is one extremely restrictive aspect: the need for a calibration test to ensure that
reliable results can be obtained from the classifier, from determining the global index and
from establishing the severity of the fatigue.
This problem is not necessarily associated with the fact that a calibration test is needed.
Essentially it lies in the difficulty of conducting one. The current calibration test (protocol
of “Day 2”) will involve the subject becoming exhausted and therefore needing a few hours
of rest between the calibration test and the testing protocol.
With regard to the fatigue severity levels, extracted from the calibration test, these
have not yet been confirmed as valid, given that there are no new acquisitions for the
subjects in the sample. In all of the tests performed to date, the test itself was used as a
calibration test, giving rise to the desired behaviour with the volunteer gradually nearing
the red zone and reaching it in the final phase of the test when he became exhausted.
However, there must be some reservations, since this approach will not be the one
applied when the system is used as normal. Thus, in future validation phases the behaviour
may move slightly away from that observed, and therefore corrections may need to be
made to the way in which the thresholds are defined.
Lastly, it should be noted that the system was designed for indoor cycling on a cycle
ergometer, intended for studying the muscles of the lower limb. The number of factors
affecting the recording of signals, such as movement artefacts in the ECG signal and the
position of the electrodes, was therefore minimised considerably.
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The absence of tests in other conditions makes it impossible to assert that the system
works in other kinds of conditions. However, we believe that with the right adaptations,
the range of monitorable activities may be changed and extended, given the solid basis we
have.
It may be concluded that a number of points still need to be considered and corrected,
but that the fatigue monitoring potential identified at the start of the project has been
demonstrated to exist, and the steps that were followed constituted an initial approach
towards transforming this potential into a practical and functional solution.
5.2 Future Expectations
One of the objectives mentioned in section 1.2 is to switch the offline processing system
to real-time mode. This is the next step in the project, considering that the entire
offline system was programmed using methods that could easily be transposed to online
processing.
The chosen size for the time windows in offline mode may need to be adapted, consid-
ering that larger windows are generally needed for frequency indexes to ensure adequate
resolution. This means that some of the indexes may not be completely feasible in a
real-time application.
In the time domain, literature recommends the use of time windows of at least 20 min-
utes for the extraction of the triangular index, to ensure a robust statistical approach [41].
Furthermore, the current system only extracts information from EMG and ECG signals,
but there are studies with promising results that are based on other types of signal such
as MMG and NIRS. In the future, it is expected that fatigue monitoring will be extended
to mechanical events or chemical patterns generated as a result of muscular contraction.
One of the studies consulted [90] is particularly interesting considering it applies to
cyclic activity in the lower limbs, where a non-linear index is extracted, and it establishes
a promising link with fatigue acquisition.
A computer system should be easy to use, and the less that is required of the user the
more attractive it is.
The calibration test is an obstacle to this logic, and the aim in the future is for it to
no longer be necessary.
One possible approach would be to define reference values for each fatigue index (used
to normalise the inputs for computing the global index and the classification system) by
calculating an average for the population sample. This would require new acquisitions and
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List of Features (Figures)
In this appendix we introduce some images that complement graphically the description
made in section 2.3 about the EMG and ECG indexes
A large number of these graphical equivalences have been reused in the generation of
the report that the fatigue monitoring plugin produce, considering that can facilitate the
understanding, by the user, of the way in which the different indices are extracted.
Figure A.1: Illustration of the median frequency concept, observing the division of the
spectrum into two regions of equal power
83
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Figure A.2: Description of the proposed logic for determination of the median frequency
in the scalogram
Figure A.3: Identification of the position of the centroid by graphically highlighting the
correspondence with the parameters Major Frequency (MF) and Major Time (MT)
Figure A.4: Illustration of the convex area concept
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Figure A.5: Presentation of the temporal and frequency dispersion, parameters derived
from the determination of the convex area
Figure A.6: Graphical identification of the average value of the duration of the RR intervals
for the processing window under analysis
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Figure A.7: Representation of the statistical dispersion of the results around the mean
value, corresponding in quantitative terms to the standard deviation
Figure A.8: Detachment of modal bin of the histogram associated with the duration of
RR intervals, an essential element for the determination of triangular index value
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Figure A.9: Presentation of the Poincaré plot and one of the semi-axes of the ellipse with
dimension 2×SD2. The other semi-axis (not presented) has size equal to 2×SD1














B.1 Protocol of Day 1
Pre-Acquisition
1 Present the objective/purpose of the project for which data will be acquired;
2 Ask the volunteer to read and sign the Consent Sheet;
3 Create a directory for storing files with the volunteer identifier: <first_name>_
<last_name>_<date_of_birth>;
4 Conduct the questionnaire, recording:




E Time of signal acquisition;
This parameter is important owing to circadian rhythms. Studies show that there are
well-defined fluctuations during a daily 24-hour cycle, as a result of the variations in
activity between the sympathetic and parasympathetic components of the autonomic
nervous system.
There may therefore be ideal periods for evaluating heart rate variability and records
must be prepared during the same daily period so that these factors may be excluded
from the analysis of results [91, 92].
The acquisition will take place in the morning, and will be preceded by 3 hours of
fasting.
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This restriction means that the acquisition window will probably be from 11:00 am to
12:00 am, for volunteers who have breakfast between 8:00 am and 9:00 am.
This time frame will suit the volunteers, since they will not have to make significant
changes to their daily routines, and they can still eat their meals at the normal times
without having to skip them.
The fast is a means of minimising variables between tests. It prevents the procedure
from becoming distorted, specifically by the increase in heart rate variability during
digestion or the stimulating effect of xanthines or their derivatives (constituents of
coffee, tea, etc.) [93].
5 Describe/exemplify the protocol procedure.
Acquisition
1 Do a 3-minute warm-up on the ergometer at low power (60 RPM at a power of 25
W);
2 Fit the mask (connected to the gas analyser) to the volunteer’s face;
3 Determine the power increment (∆P ) to be applied to the volunteer during the
test;
The procedure of “Day 1” is intended to induce a state of exhaustion in the volunteer, so
that V O2max and V T1 can be determined.
To achieve this objective the protocol is based on incremental effort, where the power that
the volunteer has to exert increases gradually.
However, there is a critical parameter in this procedure: the power increment step must be
such that a state of exhaustion is reached in a period of between 8 and 12 minutes.
Specifying a static power increment for the entire sample runs the risk that some volunteers
will become exhausted before 8 minutes or after 12 minutes.
Thus, in order to ensure that the test time is the same and that fatigue sets in at a pace
appropriate to the specific physiological characteristics of the volunteer, the Wasserman
Formula is used. This makes it possible to determine the most suitable increment step for
the volunteer, using his anthropometric characteristics such as weight, age and height [94,
95].
V̇ Ono load2 (mL/min) = 150 + 6×mass(kg) (B.1)
V̇ Opeak2 (mL/min) = (height(cm)− age(years))× 20 (B.2)
∆P (W/min) = V̇ O
no load




4 Set the initial power of the ergometer to a value equal to ∆P from Step 3 ;
The first minute of the test must be carried out at a power identical to ∆P instead of starting
at a state with no load.
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5 Start exercise on the ergometer maintaining a rhythm in the interval of 80 ± 5
RPM;
The volunteer must maintain a stable rhythm at each power level (in the order of 80 RPM)
to ensure that his effort does not shift towards the cardiorespiratory component and get
away from the muscular component (which is the subject of the study). This change could
happen if the rhythm is adapted.
The power exerted depends on the rhythm and the load. If the rhythm were changed the
ergometric system would adjust the load to provide the same programmed power.
Despite the fact that the volunteer would be exposed to an identical power, as a result of the
load being adjusted to fit the variation in the rhythm, the conditions/specific characteristics
of the test would not be the same, so this variability must be avoided.
6 Increase the power by ∆P every minute;
The increment value is that determined in Step 3 .
7 End the test when the volunteer is unable to maintain a rhythm of 80 ± 5 RPM for
more than 20 seconds continuously (when he reaches a state of exhaustion);
In this phase, the volunteer starts to lose the ability to react physiologically, even when
exposed to a greater load, and he maintains the level of oxygen supply. This means that
he has reached the exhaustion threshold and therefore the plateau characteristic of V O2max
begins to form.
The margin surrounding 80 ± 5 RPM is a result of the fact that it is impossible to maintain
RPM at an exact value. There must be a little flexibility, but not too much, for the reasons
explained in Step 3 . This is made possible by the value ± 5 RPM.
8 Record the power values at which the V T1 and V O2max were reached;
These values are good indicators of the performance/capacity of the volunteer in cardiores-
piratory terms [96]. They serve as a reference for establishing the levels Moderate Effort,
Substantial Effort and Rigorous Effort to be used in the Protocol of “Day 2”.
9 Outline the Cyclist’s Power Profile based on the values determined in Step 8 (Fig-
ure B.1);
Moderate Effort: 75% of the Power recorded in V T1
Substantial Effort: ∆ 25% of the Power recorded between V T1 and V O2max
Rigorous Effort ∆ 75% of the Power recorded between V T1 and V O2max
These values have been chosen to ensure that the effort falls within the central region of the
typical training zones of the ternary model.
The volunteer’s power profile depends on the power corresponding to V T1 and V O2max.
The power recorded in V O2max, meanwhile, corresponds to the power to which the volunteer
is subjected when a plateau starts to form in the V O2 curve as a function of power, as
described above (inability to respond to the increase in load) (Figure B.2).
With regard to V T1, the procedure is not so linear, and it is necessary to monitor V E
(ventilation) and VCO2 in addition to VO2 .
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Figure B.1: Ternary Model defining the training zones. [La−]Blood is the concentration of
lactates in the blood, LT stands for Lactic Threshold, V T stands for Ventilatory Threshold,
and V O2max defines the maximum oxygen consumption [97]
Figure B.2: Graphical illustration of the value of V O2max in the graph showing the
evolution of oxygen consumption as a function of the power setting on the ergometer
(exercise difficulty)
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These three parameters produce two derived curves corresponding to the equivalent ventila-
tions (V E/V O2(P ) and V E/VCO2(P )).
The power defined by V T1 will correspond to the value at the point of the curve V E/V O2(P )
where a growing segment (positive slope) starts and is unaccompanied by an identical trend
in the curve V E/VCO2(P ) indicating that the V T1 threshold (Ventilatory Threshold 1) has
been exceeded, that is, ventilation increases, but it is not accompanied by an increase at the
same rate in oxygen consumption [98–100] (Figure B.3).
Figure B.3: Graphical illustration of the value of V T1 in the graph showing the evolution
of the equivalent ventilations of O2 and CO2
10 Copy the Power Profile data to the volunteer’s form.
The volunteer’s form will be a Word form (with read-only sections which cannot be edited
and editable sections for entering data).
B.2 Protocol of Day 2
Pre-Acquisition
1 Locate the directory associated with the volunteer that was created on “Day 1”, to
store the new files later on (<first_name>_<last_name>_<date_of_birth>);
2 Exemplify/describe the protocol procedure;
3 Apply EMG sensors (longitudinally to the direction of the muscle fibres) in order
to collect local information related to the activity of the Rectus Femoris, Vastus
Lateralis and Vastus Medialis muscles of the quadriceps femoris, while the more
global information will be extracted from the ECG signal;
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Acquisition
1 Position the volunteer on the ergometer, adjusting the height of the saddle to a
comfortable level;
2 Maintain a rest position for 5 minutes;
This procedure ensures that when the exercise/acquisition begins the volunteer starts from
a rest state, in which heart rate is stable.
The sitting position on the ergometer is not an arbitrary detail: this support ensures that
fatigue does not set in in the muscles under analysis as a result of maintaining the posture,
which could occur if the rest period was conducted in a standing position, the maintenance
of which would require the contraction of muscle groups relevant to the exercise phase.
3 Start acquisitions, establishing a sampling frequency for the system (biosignalsplux)
of 1000 Hz;
The sampling frequency of 1000 Hz will be necessary to record the high-frequency muscular
components in the order of 500 Hz, considering that for these components and the EMG
signal itself to be represented correctly, the principle of the Nyquist Theorem must be taken
into account (fsampling > 2× fmax).
The EMG signal will be the limiting factor, requiring the greatest sampling frequency, and
the remaining signals will be oversampled. This does not affect the feasibility of the analysis
(all the signals will be collected at the same sampling frequency).
4 Block the ergometer pedal with a connected force cell (in a position that allows an
angle of around 80° to form when the knee is flexed);
The pedal providing the main support must be positioned in such a way that it allows the
volunteer to exert maximum contraction (most favourable conditions). This is achieved when
the angle between the thigh and the leg is around 80° [101–103].
The angle formed by the flexing of the knee will be measured with a goniometer.
5 Ask the volunteer to exert maximum pressure on the pedal in three series of maxi-
mum voluntary contraction (MVC) lasting for 5 seconds and 1 minute apart;
In this period, a record is taken of the exerted force and the EMG signal with the aim of
determining the median frequency in a static context. This may be a useful parameter when
validating the evolution of this index in a dynamic context, considering it is more reliable/sen-
sitive in these conditions of stationarity, which are required in the Fourier Analysis [104,
105].
6 Unblock the pedal;
7 Set the ergometer power according to the volunteer’s profile, as determined in the
procedure of “Day 1”, in relation to the Rigorous Effort class;
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8 Start ergometric exercise maintaining a rhythm in the interval of 60 ± 5 RPM,
giving regular encouragement to the volunteer;
The rhythm must remain constant, in this case in the order of 60 ± 5 RPM, so as to prolong
the test.
In addition, a longer test ensures it is possible to carry out a well-founded analysis of heart
rate variability that has statistical significance (time windows with a minimum duration of
5 minutes).
In any of the signals, the analysis will be facilitated since the experimental conditions remain
unchanged throughout the test [106].
In some circumstances, the size of the time window could be reduced to around 2 minutes [41].
9 Stop the exercise when the volunteer is unable to maintain the rhythm (60 ± 5
RPM) for 20 seconds;
10 Repeat Steps 4 and 5 ;
Record the median frequency in a static context.
11 Save the generated files in the directory created during the “Pre-Acquisition” Pro-
cedure of “Day 1”;












Processing Reults for Tendency Evaluation
This appendix aims at the extensive presentation of the processing results obtained during
the identification of trends in the various EMG and ECG indices by the empirical method
and through the meta-analysis.
Using a color system, the differences / similarities in the evolution of a certain index
under conditions of fatigue (Fatigue +) and recovery (Fatigue -) are highlighted.
In addition, cells that contain the most relevant results are flagged.
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Table C.1: EMG processing results generated during the iterative application of the empirical method with different window sizes and time-steps for identifying which is the best combination to extract the feature and to evaluate the respective tendency. The values presented are the scores determined by a voting mechanism.
At the last row is shown the average score, that is extremely important for identifying when a tendency exists.
Time Domain Frequency Domain Time-Frequency Domain
RMS Median Frequency ♣ Total Power Major Frequency Major Time Mean Power Area ♣ Volume Time Dispersion ♣ Frequency Dispersion Median Frequency ♣
Window Size (# Bursts) Overlap Fraction Otsu-Level Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
1 0 None 1.00 0.86 -0.71 -0.14 1.00 0.86 -0.71 -0.43 -0.43 -0.43 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 -0.14
1 0 0 - - - - - - -0.57 0.23 0.14 -0.23 1.00 0.69 0.93 0.77 1.00 0.85 0.93 0.77 0.64 0.46 -0.57 0.23
1 0 1 - - - - - - -0.57 0.54 0.14 -0.23 1.00 0.69 1.00 0.62 1.00 0.77 1.00 0.62 0.86 0.77 -0.71 0.54
1 0 2 - - - - - - -0.71 0.46 0.00 -0.31 0.71 0.62 1.00 0.62 0.86 0.62 1.00 0.46 0.86 0.46 -0.86 0.77
5 0 None 1.00 0.86 -0.71 0.00 1.00 0.86 -0.71 0.00 -0.43 -0.29 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 -0.14
5 0 0 - - - - - - -0.57 0.57 0.29 0.00 1.00 0.71 1.00 0.71 1.00 0.86 1.00 0.71 0.71 0.71 -0.57 0.43
5 0 1 - - - - - - -0.43 0.57 0.14 -0.14 1.00 0.71 1.00 0.71 1.00 0.71 1.00 0.57 0.86 0.71 -0.57 0.71
5 0 2 - - - - - - -0.71 0.71 0.14 -0.43 0.86 0.86 1.00 0.79 1.00 0.79 1.00 0.79 0.71 0.79 -0.57 0.71
5 0.10 None 1.00 0.86 -0.71 0.00 1.00 0.86 -0.71 0.00 -0.43 -0.29 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 -0.14
5 0.10 0 - - - - - - -0.57 0.57 0.29 0.00 1.00 0.71 1.00 0.71 1.00 0.86 1.00 0.71 0.71 0.71 -0.57 0.43
5 0.10 1 - - - - - - -0.43 0.57 0.14 -0.14 1.00 0.71 1.00 0.71 1.00 0.71 1.00 0.57 0.86 0.71 -0.57 0.71
5 0.10 2 - - - - - - -0.71 0.71 0.14 -0.43 0.86 0.86 1.00 0.79 1.00 0.79 1.00 0.79 0.71 0.79 -0.57 0.71
5 0.25 None 1.00 0.86 -0.71 0.29 1.00 0.86 -0.86 0.14 -0.43 -0.29 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.86 -0.14
5 0.25 0 - - - - - - -0.43 0.43 0.00 -0.29 1.00 0.71 1.00 0.71 1.00 0.86 1.00 0.71 0.71 0.71 -0.43 0.43
5 0.25 1 - - - - - - -0.29 0.43 0.29 -0.43 1.00 0.71 1.00 0.43 1.00 0.86 1.00 0.43 0.86 0.71 -0.43 0.71
5 0.25 2 - - - - - - -0.14 0.43 0.00 -0.57 0.86 0.57 1.00 0.71 0.86 0.86 1.00 0.57 0.86 0.86 -0.29 0.43
5 0.50 None 1.00 0.86 -0.86 0.00 1.00 0.86 -0.71 0.14 -0.29 -0.29 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 0.00
5 0.50 0 - - - - - - -0.57 0.57 0.00 -0.29 1.00 0.86 1.00 0.57 1.00 0.86 1.00 0.71 0.71 0.71 -0.57 0.43
5 0.50 1 - - - - - - -0.57 0.86 0.29 -0.29 1.00 0.86 1.00 0.57 1.00 0.86 1.00 0.57 0.71 0.86 -0.57 0.57
5 0.50 2 - - - - - - -0.57 0.57 -0.14 -0.43 0.86 0.71 1.00 0.86 0.86 0.86 1.00 0.71 0.57 0.86 -0.71 0.86
5 0.75 None 1.00 0.86 -0.71 0.14 1.00 0.86 -0.71 0.00 -0.43 -0.29 1.00 0.86 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.14
5 0.75 0 - - - - - - -0.29 0.43 0.14 -0.29 1.00 0.86 1.00 0.71 1.00 0.86 1.00 0.71 0.57 0.71 -0.43 0.57
5 0.75 1 - - - - - - -0.29 0.71 0.43 -0.29 1.00 0.71 1.00 0.57 1.00 0.71 1.00 0.57 1.00 0.86 -0.43 0.57
5 0.75 2 - - - - - - -0.43 0.57 0.14 -0.29 0.86 0.57 0.86 0.86 0.86 0.86 1.00 0.86 0.71 0.86 -0.29 0.57
5 0.90 None 1.00 0.86 -0.71 0.00 1.00 0.86 -0.71 0.00 -0.29 -0.14 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 0.00
5 0.90 0 - - - - - - -0.57 0.57 0.00 -0.29 1.00 0.86 1.00 0.71 1.00 0.86 1.00 0.57 0.57 0.71 -0.57 0.57
5 0.90 1 - - - - - - -0.43 0.57 0.29 -0.29 1.00 0.86 1.00 0.57 1.00 0.71 1.00 0.57 0.86 0.86 -0.43 0.57
5 0.90 2 - - - - - - -0.43 0.57 0.29 -0.57 0.86 0.71 1.00 0.86 0.86 0.86 1.00 0.86 0.71 0.86 -0.43 0.57
10 0 None 1.00 0.86 -0.86 0.29 1.00 0.86 -0.71 0.43 -0.29 -0.14 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.57 0.43
10 0 0 - - - - - - -0.29 0.71 0.14 -0.29 1.00 0.86 1.00 0.57 1.00 0.86 1.00 0.57 0.86 0.71 -0.29 0.71
10 0 1 - - - - - - -0.29 0.86 0.14 -0.43 1.00 0.71 1.00 0.43 1.00 0.86 1.00 0.14 0.86 0.86 -0.29 0.71
10 0 2 - - - - - - -0.29 0.86 0.00 -0.43 0.86 0.86 0.86 0.86 0.71 0.71 0.86 0.86 0.43 0.71 -0.29 0.86
10 0.10 None 1.00 0.86 -0.86 0.43 1.00 0.86 -0.86 0.29 -0.29 -0.43 1.00 0.86 0.00 0.00 1.00 0.57 0.00 0.00 0.00 0.00 -1.00 0.57
10 0.10 0 - - - - - - -0.43 0.71 0.29 -0.29 1.00 0.86 0.86 0.57 1.00 0.86 0.86 0.57 0.86 0.71 -0.43 0.57
10 0.10 1 - - - - - - -0.57 0.57 0.43 -0.29 1.00 0.57 1.00 0.71 1.00 0.71 1.00 0.29 0.86 0.86 -0.57 0.43
10 0.10 2 - - - - - - -0.14 0.57 0.14 -0.29 0.86 0.71 1.00 0.43 0.86 0.71 1.00 0.43 0.71 0.86 -0.14 0.57
10 0.25 None 1.00 0.86 -0.86 0.14 1.00 0.86 -0.86 0.14 -0.43 -0.29 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -1.00 0.29
10 0.25 0 - - - - - - -0.57 0.71 0.00 -0.29 1.00 0.71 1.00 0.43 1.00 0.86 1.00 0.43 0.71 0.71 -0.71 0.71
10 0.25 1 - - - - - - -0.57 0.71 0.14 -0.57 1.00 0.86 1.00 0.43 1.00 0.86 1.00 0.43 0.71 0.86 -0.57 0.43
10 0.25 2 - - - - - - 0.00 0.86 0.00 -0.29 0.71 0.86 1.00 0.86 1.00 0.86 1.00 0.71 0.86 0.86 0.00 0.57
10 0.50 None 1.00 0.86 -0.71 0.29 1.00 0.86 -0.86 0.14 -0.43 -0.14 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.86 0.43
10 0.50 0 - - - - - - -0.29 0.71 0.14 -0.29 1.00 0.71 0.86 0.57 1.00 0.86 0.86 0.57 0.71 0.71 -0.43 0.57
10 0.50 1 - - - - - - -0.57 0.43 0.29 -0.29 1.00 0.57 1.00 0.57 1.00 0.86 1.00 0.43 0.86 0.86 -0.71 0.43
10 0.50 2 - - - - - - -0.29 0.86 0.43 -0.29 1.00 0.86 1.00 0.86 1.00 0.86 1.00 0.57 0.57 0.71 -0.43 0.57
10 0.75 None 1.00 0.86 -0.86 0.29 1.00 0.86 -0.71 0.00 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 0.29
10 0.75 0 - - - - - - -0.57 0.71 0.14 -0.29 1.00 0.86 1.00 0.86 1.00 0.86 1.00 0.86 0.57 0.71 -0.71 0.57
10 0.75 1 - - - - - - -0.43 0.57 0.29 -0.29 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.57 0.86 0.86 -0.71 0.29
10 0.75 2 - - - - - - -0.14 0.71 0.00 -0.29 0.86 0.71 0.86 0.71 0.86 0.86 0.86 0.43 0.86 0.86 -0.14 0.43
10 0.90 None 1.00 0.86 -0.71 0.29 1.00 0.86 -0.71 0.14 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.86 0.00
10 0.90 0 - - - - - - -0.57 0.71 0.14 -0.29 1.00 0.86 0.86 0.71 1.00 0.86 0.86 0.57 0.43 0.71 -0.57 0.57
10 0.90 1 - - - - - - -0.43 0.57 0.29 -0.29 1.00 0.43 1.00 0.57 1.00 0.71 1.00 0.57 0.86 0.71 -0.71 0.29
10 0.90 2 - - - - - - -0.57 0.57 0.14 0.00 0.86 0.71 1.00 0.71 0.86 0.86 1.00 0.71 0.86 0.86 -0.43 0.57
15 0 None 1.00 0.86 -0.86 0.00 1.00 0.86 -0.71 0.14 -0.14 -0.43 1.00 0.86 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 0.29
15 0 0 - - - - - - -0.29 0.57 0.00 -0.29 1.00 0.86 1.00 0.43 1.00 0.86 1.00 0.21 0.57 0.86 -0.43 0.43
15 0 1 - - - - - - -0.43 0.43 0.14 -0.71 1.00 0.71 1.00 0.86 1.00 0.86 1.00 0.43 1.00 0.86 -0.71 0.43
15 0 2 - - - - - - -0.43 0.43 0.14 -0.14 0.71 0.86 0.86 0.71 0.71 0.71 1.00 0.71 0.71 0.57 -0.29 0.43
15 0.10 None 1.00 0.86 -0.86 0.57 1.00 0.86 -0.71 0.43 -0.29 -0.29 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.86 0.43
15 0.10 0 - - - - - - -0.57 0.71 0.14 -0.29 1.00 0.57 1.00 0.57 1.00 0.86 1.00 0.29 1.00 0.71 -0.57 0.57
15 0.10 1 - - - - - - -0.71 0.43 0.14 -0.57 1.00 0.43 1.00 0.29 1.00 0.71 1.00 0.14 0.86 0.71 -0.57 0.43
15 0.10 2 - - - - - - -0.14 0.86 0.14 -0.57 0.86 0.29 0.86 0.43 0.71 0.71 0.86 0.29 0.57 0.71 -0.14 0.86
15 0.25 None 1.00 0.86 -0.71 0.43 1.00 0.86 -0.86 0.43 -0.29 -0.29 1.00 0.71 0.00 0.00 1.00 0.57 0.00 0.00 0.00 0.00 -0.86 0.43
15 0.25 0 - - - - - - -0.43 0.57 0.14 -0.29 1.00 0.71 1.00 0.86 1.00 0.71 1.00 0.86 0.71 0.86 -0.71 0.71
15 0.25 1 - - - - - - -0.57 0.57 0.29 -0.29 1.00 0.57 1.00 0.71 1.00 0.71 1.00 0.57 1.00 0.86 -0.57 0.57
15 0.25 2 - - - - - - -0.14 0.14 0.14 -0.57 0.57 0.57 1.00 0.57 1.00 0.71 1.00 0.43 0.71 0.71 -0.29 0.14
15 0.50 None 1.00 0.86 -0.86 0.29 1.00 0.86 -0.71 0.43 -0.29 -0.29 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.86 0.43
15 0.50 0 - - - - - - -0.71 0.57 0.00 -0.29 1.00 0.71 1.00 0.57 1.00 0.86 1.00 0.43 0.43 0.86 -0.71 0.71
15 0.50 1 - - - - - - -0.71 0.43 0.14 -0.14 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.43 1.00 0.86 -0.57 0.43
15 0.50 2 - - - - - - 0.00 0.57 0.14 0.00 0.71 0.57 1.00 0.43 0.86 0.86 1.00 0.43 0.71 0.86 -0.14 0.57
15 0.75 None 1.00 0.86 -0.86 0.43 1.00 0.86 -0.71 0.29 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.86 0.29
15 0.75 0 - - - - - - -0.57 0.71 0.14 -0.29 1.00 0.71 1.00 0.57 1.00 0.86 1.00 0.43 0.43 0.86 -0.57 0.71
15 0.75 1 - - - - - - -0.57 0.57 0.29 -0.29 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.57 1.00 0.86 -0.57 0.43
15 0.75 2 - - - - - - -0.43 0.57 0.14 -0.29 0.71 0.57 1.00 0.57 0.86 0.71 1.00 0.43 0.71 0.71 -0.43 0.57
15 0.90 None 1.00 0.86 -0.71 0.43 1.00 0.71 -0.71 0.14 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.00
15 0.90 0 - - - - - - -0.57 0.43 0.14 -0.29 1.00 0.71 1.00 0.43 1.00 0.86 1.00 0.29 0.43 0.86 -0.57 0.43
15 0.90 1 - - - - - - -0.43 0.43 0.29 -0.43 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.57 1.00 0.86 -0.71 0.43
15 0.90 2 - - - - - - -0.29 0.43 0.14 -0.29 0.86 0.71 1.00 0.71 0.71 0.71 1.00 0.57 0.71 0.71 -0.43 0.43
20 0 None 1.00 0.86 -0.86 0.29 1.00 0.86 -0.71 0.43 -0.14 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.29
20 0 0 - - - - - - -0.43 0.57 0.14 -0.14 1.00 0.71 1.00 0.29 1.00 0.86 1.00 0.14 0.71 0.86 -0.43 0.43
20 0 1 - - - - - - -0.14 0.43 -0.14 -0.43 1.00 0.71 1.00 0.29 1.00 0.71 1.00 0.29 0.86 0.86 -0.14 0.43
20 0 2 - - - - - - 0.14 0.71 0.14 -0.14 0.57 0.71 0.86 0.43 0.57 0.43 0.86 0.43 0.29 0.57 0.14 0.71
20 0.10 None 1.00 0.86 -0.86 0.43 1.00 0.86 -0.71 0.29 -0.43 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.57 0.14
20 0.10 0 - - - - - - -0.43 0.57 0.14 -0.14 1.00 0.71 1.00 0.57 1.00 0.86 1.00 0.43 0.71 0.86 -0.43 0.57
20 0.10 1 - - - - - - 0.00 0.57 0.14 -0.14 1.00 0.43 1.00 0.57 1.00 0.86 1.00 0.43 1.00 0.86 0.00 0.57
20 0.10 2 - - - - - - 0.00 0.43 0.14 -0.29 1.00 0.57 1.00 0.57 0.71 0.71 1.00 0.43 0.29 0.71 0.14 0.43
20 0.25 None 1.00 0.71 -0.86 0.43 1.00 0.71 -0.71 0.29 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.14
20 0.25 0 - - - - - - -0.29 0.43 0.00 -0.14 1.00 0.57 0.86 0.43 1.00 0.86 0.86 0.14 0.71 0.86 -0.43 0.43
20 0.25 1 - - - - - - -0.29 0.57 0.00 -0.14 1.00 0.43 1.00 0.57 1.00 0.71 1.00 0.43 1.00 0.71 -0.29 0.57
20 0.25 2 - - - - - - -0.14 0.43 0.00 -0.14 0.57 0.57 0.86 0.57 0.86 0.71 0.86 0.43 0.57 0.57 -0.29 0.43
20 0.50 None 1.00 0.86 -0.86 0.43 1.00 0.86 -0.71 0.43 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.86 0.00 0.00 0.00 0.00 -0.71 0.43
20 0.50 0 - - - - - - -0.29 0.43 0.00 -0.29 1.00 0.86 1.00 0.29 1.00 0.86 1.00 0.14 0.57 0.86 -0.57 0.43
20 0.50 1 - - - - - - -0.14 0.71 0.14 -0.29 1.00 0.57 1.00 0.29 1.00 0.86 1.00 0.29 0.86 0.86 -0.29 0.57
20 0.50 2 - - - - - - 0.00 0.86 0.14 -0.43 0.71 0.86 0.86 0.71 0.71 0.86 0.86 0.57 0.57 0.71 -0.14 0.57
20 0.75 None 1.00 0.71 -0.71 0.57 1.00 0.71 -0.71 0.14 -0.43 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.29
20 0.75 0 - - - - - - -0.43 0.43 0.00 -0.14 1.00 0.71 0.86 0.43 1.00 0.86 0.86 0.29 0.71 0.71 -0.43 0.57
20 0.75 1 - - - - - - -0.43 0.43 0.14 -0.29 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.43 0.86 0.71 -0.43 0.29
20 0.75 2 - - - - - - 0.00 0.57 0.14 -0.14 0.71 0.71 0.86 0.71 0.71 0.71 0.86 0.57 0.57 0.71 0.00 0.29
20 0.90 None 1.00 0.71 -0.71 0.29 1.00 0.71 -0.71 0.14 -0.43 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.29
20 0.90 0 - - - - - - -0.57 0.57 0.14 -0.14 1.00 0.71 0.86 0.43 1.00 0.86 0.86 0.29 0.29 0.86 -0.57 0.43
20 0.90 1 - - - - - - -0.43 0.43 0.14 -0.29 1.00 0.57 1.00 0.57 1.00 0.71 1.00 0.57 0.86 0.71 -0.43 0.29
20 0.90 2 - - - - - - 0.14 0.57 0.14 0.00 0.86 0.71 1.00 0.71 0.71 0.71 1.00 0.57 0.57 0.71 -0.14 0.57
25 0 None 1.00 0.86 -0.86 0.29 1.00 0.86 -0.57 0.00 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.57 0.29
25 0 0 - - - - - - -0.43 0.43 0.43 -0.14 1.00 0.71 0.86 0.43 1.00 0.86 0.86 0.57 1.00 0.86 -0.29 0.29
25 0 1 - - - - - - -0.14 0.29 0.29 -0.14 1.00 0.71 1.00 0.43 1.00 0.71 1.00 0.43 0.86 0.71 -0.14 0.29
25 0 2 - - - - - - -0.29 0.29 0.43 -0.29 0.57 0.71 0.71 0.29 0.86 0.57 0.71 0.14 0.43 0.57 -0.29 0.14
25 0.10 None 1.00 0.86 -0.71 0.29 1.00 0.86 -0.71 0.00 -0.29 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.86 0.00
25 0.10 0 - - - - - - -0.57 0.57 0.14 -0.14 1.00 0.71 0.86 0.57 1.00 0.71 0.86 0.36 0.71 0.71 -0.57 0.14
25 0.10 1 - - - - - - -0.14 0.14 -0.14 -0.29 1.00 0.71 1.00 0.29 1.00 0.57 1.00 0.29 0.86 0.86 -0.43 0.14
25 0.10 2 - - - - - - -0.14 0.71 0.14 -0.43 0.71 0.57 0.79 0.43 0.50 0.71 0.79 0.43 0.36 0.71 -0.29 0.71
25 0.25 None 1.00 0.86 -0.86 0.29 1.00 0.71 -0.71 0.00 -0.29 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.71 0.43
25 0.25 0 - - - - - - -0.43 0.14 0.29 -0.14 1.00 0.86 1.00 0.57 1.00 0.71 1.00 0.00 1.00 0.71 -0.57 0.43
25 0.25 1 - - - - - - -0.43 0.29 0.29 -0.57 1.00 0.71 1.00 0.57 0.86 0.71 1.00 0.43 0.86 0.71 -0.43 0.29
25 0.25 2 - - - - - - -0.29 0.43 0.29 -0.29 0.71 0.86 0.71 0.71 0.86 0.86 0.71 0.57 0.57 0.71 -0.29 0.43
25 0.50 None 1.00 0.86 -0.71 0.29 1.00 0.86 -0.71 0.29 -0.43 -0.14 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.57 0.14
25 0.50 0 - - - - - - -0.57 0.43 0.14 -0.14 1.00 0.86 0.86 0.43 1.00 0.86 0.86 0.29 0.57 0.71 -0.43 0.29
25 0.50 1 - - - - - - -0.14 0.14 0.14 -0.43 1.00 0.71 1.00 0.43 1.00 0.71 1.00 0.43 0.86 0.86 -0.29 0.29
25 0.50 2 - - - - - - 0.14 0.29 0.29 -0.29 0.71 0.57 1.00 0.71 0.71 0.86 1.00 0.71 0.57 0.71 0.00 0.14
25 0.75 None 1.00 0.71 -0.71 0.43 1.00 0.71 -0.71 0.14 -0.43 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.57 0.29
25 0.75 0 - - - - - - -0.57 0.43 0.00 -0.14 1.00 0.71 0.86 0.43 1.00 0.86 0.86 0.29 0.57 0.86 -0.43 0.57
25 0.75 1 - - - - - - -0.29 0.43 0.00 -0.29 1.00 0.71 1.00 0.43 1.00 0.71 1.00 0.43 0.86 0.86 -0.43 0.43
25 0.75 2 - - - - - - -0.14 0.43 0.14 -0.43 0.71 0.71 1.00 0.43 0.86 0.71 1.00 0.29 0.71 0.71 -0.29 0.29
25 0.90 None 1.00 0.71 -0.71 0.43 1.00 0.71 -0.71 0.14 -0.43 0.00 1.00 0.71 0.00 0.00 1.00 0.71 0.00 0.00 0.00 0.00 -0.57 0.29
25 0.90 0 - - - - - - -0.57 0.43 0.14 0.00 1.00 0.71 0.86 0.29 1.00 0.86 0.86 0.14 0.29 0.71 -0.57 0.57
25 0.90 1 - - - - - - -0.43 0.43 0.14 -0.29 1.00 0.71 1.00 0.43 1.00 0.71 1.00 0.43 0.86 0.86 -0.43 0.43
25 0.90 2 - - - - - - -0.29 0.43 0.00 -0.14 0.86 0.71 0.86 0.71 0.71 0.71 0.86 0.71 0.57 0.71 -0.14 0.43
Average Scores 1.0 0.83 -0.78 0.28 1.0 0.82 -0.46 0.44 0.02 -0.26 0.94 0.72 0.72 0.44 0.95 0.78 0.72 0.37 0.54 0.58 -0.5 0.42
♣ - Parameter with informative potential about fatigue, considering the empirical method criterion for identifying tendencies (Section 3.2.2)
Green Score - Positive scores defining an increasing tendency for the population sample in study
Red Score - Negative scores defining a decreasing tendency for the population sample in study
In simple terms, a parameter is defined as a fatigue index (i) if the average score changes signal (summarized by color) between the trial where fatigue is induced (Fatigue +) and the trial where fatigue decreases (Fatigue -) or (ii) if the average score module in Fatigue + is bigger than 0.50 and in Fatigue - is less than 0.50.
Table C.2: ECG processing results (Time-Domain features) generated during the iterative application of the empirical method with different window sizes and time-steps for identifying which is the best combination to extract the feature and to evaluate
the respective tendency. The values presented are the scores determined by a voting mechanism. At the last row is shown the average score, that is extremely important for identifying when a tendency exists.
Time Domain
Maximum RR ♣ Minimum RR ♣ Average RR ♣ SDNN ♣ rmsSD Triangular Index ♣ SD1 SD2 ♣ SD1 / SD2
Window Size (s) Overlap Fraction Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
30 0 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.82 0.27 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -0.64 0.27 0.82 0.64
30 0.10 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 0.27 -0.27 0.45 -1.00 -0.09 -0.27 0.45 -0.64 0.09 0.82 0.64
30 0.25 -1.00 1.00 -0.82 1.00 -1.00 1.00 -0.64 0.09 -0.27 0.45 -1.00 -0.09 -0.27 0.45 -0.64 0.09 0.82 0.64
30 0.50 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 0.27 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -0.64 0.27 0.82 0.64
30 0.75 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 0.27 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -0.64 0.27 0.82 0.64
30 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 0.27 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -0.64 0.27 0.82 0.64
40 0 -1.00 1.00 -1.00 1.00 -0.82 1.00 -0.64 -0.45 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.45 0.82 0.82
40 0.10 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.82 -0.09 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.82 -0.09 0.82 0.64
40 0.25 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.27 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.27 0.82 0.64
40 0.50 -1.00 1.00 -1.00 1.00 -0.82 1.00 -0.64 -0.27 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.45 0.82 0.82
40 0.75 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.27 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.45 0.82 0.64
40 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.27 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -0.64 -0.45 0.82 0.64
50 0 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.82 -0.09 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.82 -0.09 0.82 1.00
50 0.10 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.82 -0.45 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.82 -0.64 0.82 0.82
50 0.25 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.45 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.45 0.82 0.82
50 0.50 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.45 -0.27 0.45 -1.00 -0.45 -0.27 0.45 -0.64 -0.82 0.82 0.64
50 0.75 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.82
50 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.64
60 0 -1.00 1.00 -1.00 1.00 -0.82 1.00 -0.64 -0.64 -0.27 0.45 -1.00 -0.27 -0.09 0.45 -0.64 -0.64 0.82 0.82
60 0.10 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.82 -0.64 -0.27 0.45 -1.00 -0.27 -0.09 0.45 -0.82 -0.64 0.82 1.00
60 0.25 -1.00 1.00 -1.00 1.00 -0.82 1.00 -0.64 -0.45 -0.27 0.45 -1.00 -0.27 -0.09 0.45 -0.64 -0.45 0.82 0.91
60 0.50 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.82
60 0.75 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.82
60 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.82
70 0 -1.00 1.00 -1.00 1.00 -1.00 1.00 -1.00 0.09 -0.27 0.45 -0.82 -0.45 -0.27 0.45 -1.00 0.09 0.82 0.36
70 0.10 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.64 -0.09 -0.27 0.45 -0.82 -0.09 -0.27 0.45 -0.64 -0.09 0.82 0.45
70 0.25 -1.00 1.00 -0.82 1.00 -0.82 1.00 -1.00 -0.64 -0.27 0.45 -0.82 -0.45 -0.09 0.45 -1.00 -0.64 0.82 0.82
70 0.50 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.64 -0.09 0.45 -0.64 -0.45 -0.09 0.45 -0.64 -0.64 0.82 0.82
70 0.75 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.64
70 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.64 -0.82 0.82 0.82
80 0 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.82 -0.40 -0.09 0.40 -1.00 -0.20 -0.09 0.40 -0.82 -0.40 1.00 0.60
80 0.10 -1.00 1.00 -0.82 1.00 -0.82 1.00 -1.00 0.09 -0.27 0.45 -1.00 -0.27 -0.27 0.45 -1.00 0.09 1.00 0.45
80 0.25 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.82 0.09 0.09 0.45 -0.82 -0.45 0.09 0.45 -0.82 0.09 1.00 0.36
80 0.50 -1.00 1.00 -1.00 1.00 -0.82 1.00 -1.00 -0.45 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -1.00 -0.45 0.82 0.45
80 0.75 -1.00 1.00 -1.00 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.82 -0.82 0.82 0.82
80 0.90 -0.82 1.00 -0.82 1.00 -0.82 1.00 -0.64 -0.82 -0.09 0.45 -0.82 -0.27 -0.09 0.45 -0.64 -0.82 0.82 0.82
90 0 -1.00 1.00 -1.00 1.00 -1.00 1.00 -0.60 -0.80 0.20 0.40 -0.80 -0.20 0.20 0.40 -0.60 -0.80 0.90 1.00
90 0.10 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.82 -0.80 -0.09 0.40 -0.82 -0.20 -0.09 0.40 -0.82 -0.80 0.82 0.90
90 0.25 -1.00 1.00 -1.00 1.00 -0.82 1.00 -1.00 0.00 -0.27 0.40 -0.82 -0.40 -0.27 0.40 -1.00 -0.20 0.82 0.60
90 0.50 -1.00 1.00 -1.00 1.00 -0.82 1.00 -1.00 -0.82 -0.09 0.45 -0.82 -0.27 -0.09 0.45 -1.00 -0.82 0.82 1.00
90 0.75 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.82 -0.82 0.82 1.00
90 0.90 -1.00 1.00 -0.82 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.82 -0.27 -0.27 0.45 -0.82 -0.82 0.82 0.82
100 0 - - - - - - - - - - - - - - - - - -
100 0.10 -1.00 0.86 -1.00 1.00 -1.00 1.00 -0.80 -1.00 0.20 0.14 -0.60 -0.43 0.20 0.14 -0.80 -1.00 0.90 0.71
100 0.25 -1.00 0.90 -0.80 1.00 -0.80 1.00 -1.00 -0.80 0.00 0.40 -0.60 -0.40 0.00 0.40 -1.00 -0.80 0.80 0.90
100 0.50 -1.00 0.91 -0.82 1.00 -0.82 1.00 -1.00 0.09 -0.27 0.45 -0.64 -0.45 -0.09 0.45 -1.00 0.09 0.82 0.64
100 0.75 -1.00 0.91 -0.82 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.64 -0.45 -0.27 0.45 -0.82 -0.82 0.82 0.82
100 0.90 -1.00 0.91 -0.82 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.64 -0.27 -0.27 0.45 -0.82 -0.82 0.82 1.00
110 0 - - - - - - - - - - - - - - - - - -
110 0.10 - - - - - - - - - - - - - - - - - -
110 0.25 -1.00 1.00 -1.00 1.00 -1.00 1.00 -1.00 -1.00 0.20 0.50 -0.60 0.00 0.20 0.50 -1.00 -1.00 1.00 1.00
110 0.50 -1.00 0.90 -1.00 1.00 -1.00 1.00 -1.00 -0.40 0.09 0.40 -0.64 -0.40 0.09 0.40 -1.00 -0.40 1.00 0.90
110 0.75 -1.00 0.82 -1.00 1.00 -0.82 1.00 -0.82 -0.64 -0.27 0.45 -0.64 -0.27 -0.27 0.45 -0.82 -0.45 0.82 0.91
110 0.90 -1.00 0.82 -0.82 1.00 -0.82 1.00 -0.82 -0.82 -0.27 0.45 -0.64 -0.45 -0.27 0.45 -0.82 -0.82 0.82 1.00
120 0 - - - - - - - - - - - - - - - - - -
120 0.10 - - - - - - - - - - - - - - - - - -
120 0.25 - - - - - - - - - - - - - - - - - -
120 0.50 -1.00 0.80 -1.00 1.00 -0.80 1.00 -1.00 -0.60 0.00 0.40 -0.40 -0.40 0.00 0.40 -1.00 -0.60 1.00 1.00
120 0.75 -1.00 0.73 -1.00 1.00 -0.82 1.00 -0.82 -0.64 -0.09 0.45 -0.45 -0.45 -0.09 0.45 -0.82 -0.64 0.82 1.00
120 0.90 -1.00 0.73 -1.00 1.00 -0.82 1.00 -0.82 -0.64 -0.27 0.45 -0.64 -0.45 -0.27 0.45 -0.82 -0.64 0.82 1.00
Average Scores -0.95 0.97 -0.89 1.0 -0.85 1.0 -0.77 -0.46 -0.2 0.44 -0.84 -0.33 -0.19 0.44 -0.77 -0.48 0.84 0.77
♣ - Parameter with informative potential about fatigue, considering the empirical method criterion for identifying tendencies (Section 3.2.2)
Green Score - Positive scores defining an increasing tendency for the population sample in study
Red Score - Negative scores defining a decreasing tendency for the population sample in study
In simple terms, a parameter is defined as a fatigue index (i) if the average score changes signal (summarized by color) between the trial where fatigue is induced (Fatigue +) and the trial where fatigue decreases (Fatigue -) or (ii) if the average score module in Fatigue + is
bigger than 0.50 and in Fatigue - is less than 0.50.
Table C.3: ECG processing results (Frequency-Domain features) generated during the iterative application of the empirical method with different window sizes and time-steps for identifying which is the
best combination to extract the feature and to evaluate the respective tendency. The values presented are the scores determined by a voting mechanism. At the last row is shown the average score, that is
extremely important for identifying when a tendency exists.
Frequency Domain
Total Power ULF Power VLF Power LF Power ♣ HF Power ♣ LF/HF Power Ratio Median Frequency
Window Size (s) Overlap Fraction Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
30 0 -0.45 -0.27 - - -0.82 -0.82 -0.45 0.45 -0.64 0.45 0.27 0.09 1.00 -1.00
30 0.10 -0.45 -0.27 - - -0.45 -0.64 -0.45 0.45 -0.45 0.64 0.09 -0.09 0.82 -1.00
30 0.25 -0.45 -0.09 - - -0.45 -0.64 -0.45 0.45 -0.64 0.64 0.27 0.45 1.00 -1.00
30 0.50 -0.45 -0.09 - - -0.45 -0.82 -0.45 0.45 -0.64 0.64 0.27 0.09 1.00 -1.00
30 0.75 -0.45 -0.09 - - -0.45 -0.82 -0.45 0.82 -0.64 0.64 0.45 0.09 0.82 -1.00
30 0.90 -0.45 -0.27 - - -0.45 -0.82 -0.45 0.82 -0.64 0.64 0.09 0.09 0.82 -1.00
40 0 -0.64 -0.45 -0.82 -1.00 -0.64 -0.82 -0.45 -0.45 -0.64 0.45 -0.09 -0.64 1.00 -1.00
40 0.10 -0.82 -0.27 -0.82 -1.00 -0.82 -0.64 -0.45 0.09 -0.64 0.09 0.27 -0.27 1.00 -1.00
40 0.25 -0.45 -0.27 -0.82 -1.00 -0.64 -0.82 -0.45 -0.09 -0.64 0.27 0.27 -0.09 0.82 -1.00
40 0.50 -0.64 -0.45 -0.82 -1.00 -0.64 -1.00 -0.45 -0.09 -0.64 0.27 0.09 0.09 1.00 -1.00
40 0.75 -0.45 -0.45 -0.64 -1.00 -0.45 -1.00 -0.45 -0.09 -0.64 0.27 0.45 0.09 0.82 -1.00
40 0.90 -0.45 -0.45 -0.64 -1.00 -0.45 -1.00 -0.45 -0.09 -0.64 0.45 0.09 0.09 0.82 -1.00
50 0 -0.82 -0.45 -1.00 -0.82 -0.82 -0.64 -0.45 -0.27 -0.82 0.27 0.27 -0.64 0.82 -1.00
50 0.10 -0.82 -0.82 -0.82 -1.00 -0.82 -1.00 -0.45 -0.45 -0.82 0.09 0.09 -0.09 1.00 -1.00
50 0.25 -0.45 -0.64 -0.82 -1.00 -0.45 -1.00 -0.45 -0.09 -0.45 0.64 0.27 -0.45 1.00 -1.00
50 0.50 -0.64 -0.82 -0.82 -1.00 -0.64 -1.00 -0.45 0.09 -0.82 0.64 -0.09 0.09 0.82 -1.00
50 0.75 -0.45 -0.82 -0.64 -1.00 -0.64 -1.00 -0.45 -0.27 -0.64 0.45 0.27 0.09 0.82 -1.00
50 0.90 -0.45 -0.82 -0.82 -1.00 -0.64 -1.00 -0.45 -0.27 -0.64 0.64 0.09 -0.09 1.00 -1.00
60 0 -0.82 -0.64 -1.00 -0.82 -0.82 -1.00 -0.45 -0.45 -0.64 0.09 0.09 -0.09 1.00 -1.00
60 0.10 -0.82 -0.64 -1.00 -0.82 -0.82 -0.82 -0.45 -0.27 -0.64 0.45 0.27 -0.27 1.00 -1.00
60 0.25 -0.82 -0.64 -1.00 -0.64 -1.00 -0.64 -0.45 -0.45 -0.64 0.45 -0.09 -0.64 1.00 -1.00
60 0.50 -0.45 -0.82 -1.00 -1.00 -0.64 -1.00 -0.45 -0.45 -0.45 0.27 0.27 -0.09 1.00 -1.00
60 0.75 -0.45 -0.82 -1.00 -1.00 -0.64 -1.00 -0.45 -0.27 -0.64 0.27 0.27 -0.27 1.00 -1.00
60 0.90 -0.45 -0.82 -0.82 -1.00 -0.64 -1.00 -0.45 -0.45 -0.45 0.27 0.27 -0.09 0.82 -1.00
70 0 -1.00 -0.09 -1.00 0.09 -1.00 0.09 -0.64 -0.27 -1.00 0.64 -0.09 -0.45 1.00 -1.00
70 0.10 -0.64 -0.09 -1.00 -0.09 -0.64 -0.09 -0.45 -0.27 -0.82 0.45 -0.09 -0.27 1.00 -1.00
70 0.25 -1.00 -0.64 -1.00 -0.64 -1.00 -0.82 -0.64 -0.45 -1.00 0.09 -0.09 0.09 1.00 -1.00
70 0.50 -0.82 -0.82 -1.00 -1.00 -1.00 -1.00 -0.45 -0.45 -0.64 0.27 -0.27 -0.09 1.00 -1.00
70 0.75 -0.45 -0.82 -1.00 -1.00 -0.82 -1.00 -0.45 -0.64 -0.45 0.27 0.09 -0.09 0.82 -1.00
70 0.90 -0.45 -0.82 -0.82 -1.00 -0.82 -1.00 -0.45 -0.45 -0.45 0.27 0.45 -0.09 0.82 -1.00
80 0 -0.82 -0.60 -1.00 -0.60 -0.82 -0.60 -0.45 -0.20 -0.82 0.60 0.09 -0.40 0.82 -1.00
80 0.10 -1.00 -0.09 -1.00 -0.45 -1.00 0.09 -0.82 -0.45 -1.00 0.27 0.27 -0.45 1.00 -1.00
80 0.25 -0.82 0.09 -1.00 -0.09 -0.82 0.09 -0.45 -0.45 -0.64 0.09 -0.09 -0.45 1.00 -1.00
80 0.50 -0.82 -0.64 -1.00 -0.64 -1.00 -0.64 -0.45 -0.27 -0.64 0.45 0.09 -0.45 1.00 -1.00
80 0.75 -0.64 -0.82 -1.00 -1.00 -0.82 -1.00 -0.45 -0.64 -0.45 0.27 0.27 -0.45 1.00 -1.00
80 0.90 -0.64 -1.00 -1.00 -1.00 -0.82 -1.00 -0.45 -0.45 -0.64 -0.09 0.45 -0.09 0.82 -1.00
90 0 -0.60 -0.80 -1.00 -0.80 -1.00 -1.00 -0.60 -0.40 -0.60 0.00 -0.20 0.00 1.00 -1.00
90 0.10 -0.82 -0.80 -1.00 -0.80 -1.00 -0.80 -0.45 -0.40 -0.82 0.40 0.09 0.20 0.82 -1.00
90 0.25 -1.00 -0.40 -1.00 -0.40 -1.00 -0.20 -0.64 -0.60 -1.00 0.40 -0.27 -0.40 1.00 -1.00
90 0.50 -0.82 -0.82 -1.00 -0.82 -1.00 -1.00 -0.45 -0.45 -0.82 -0.09 -0.27 -0.09 1.00 -1.00
90 0.75 -0.64 -0.82 -1.00 -1.00 -0.82 -1.00 -0.45 -0.45 -0.45 -0.09 -0.09 -0.27 1.00 -1.00
90 0.90 -0.82 -0.82 -1.00 -1.00 -0.82 -1.00 -0.45 -0.64 -0.82 -0.09 0.09 -0.09 0.82 -1.00
100 0 - - - - - - - - - - - - - -
100 0.10 -1.00 -1.00 -1.00 -1.00 -1.00 -1.00 -0.60 -1.00 -0.80 -0.43 0.00 -0.14 1.00 -1.00
100 0.25 -0.80 -0.80 -1.00 -0.80 -1.00 -0.80 -0.60 -0.40 -0.80 0.20 0.00 -0.20 0.80 -1.00
100 0.50 -1.00 -0.27 -1.00 -0.27 -1.00 -0.27 -0.64 -0.27 -0.82 0.09 0.09 -0.45 0.82 -1.00
100 0.75 -0.82 -0.82 -1.00 -0.82 -0.82 -0.82 -0.64 -0.45 -0.82 0.09 0.09 -0.45 0.82 -1.00
100 0.90 -0.82 -0.82 -1.00 -1.00 -0.82 -1.00 -0.45 -0.64 -0.64 0.09 0.09 -0.09 1.00 -1.00
110 0 - - - - - - - - - - - - - -
110 0.10 - - - - - - - - - - - - - -
110 0.25 -1.00 -1.00 -1.00 -1.00 -1.00 -1.00 -0.60 -1.00 -0.60 0.00 0.00 -0.50 1.00 -1.00
110 0.50 -1.00 -0.60 -1.00 -0.60 -1.00 -0.40 -0.45 -0.40 -0.64 -0.20 -0.09 0.00 1.00 -1.00
110 0.75 -0.82 -0.64 -1.00 -0.64 -0.82 -0.45 -0.45 -0.45 -0.64 -0.09 -0.09 -0.09 1.00 -1.00
110 0.90 -0.82 -1.00 -1.00 -1.00 -0.82 -1.00 -0.45 -0.64 -0.64 0.09 0.09 -0.45 1.00 -1.00
120 0 - - - - - - - - - - - - - -
120 0.10 - - - - - - - - - - - - - -
120 0.25 - - - - - - - - - - - - - -
120 0.50 -1.00 -0.80 -1.00 -0.80 -1.00 -0.80 -0.40 -0.60 -0.60 0.00 0.00 0.00 1.00 -1.00
120 0.75 -0.82 -0.82 -1.00 -0.82 -0.82 -0.82 -0.45 -0.64 -0.64 -0.09 -0.27 -0.09 1.00 -1.00
120 0.90 -0.82 -0.82 -1.00 -0.82 -0.82 -0.82 -0.45 -0.64 -0.64 0.09 0.09 -0.27 1.00 -1.00
Average Scores -0.71 -0.6 -0.94 -0.81 -0.78 -0.78 -0.50 -0.3 -0.67 0.26 0.09 -0.17 0.94 -1.0
♣ - Parameter with informative potential about fatigue, considering the empirical method criterion for identifying tendencies (Section 3.2.2)
Green Score - Positive scores defining an increasing tendency for the population sample in study
Red Score - Negative scores defining a decreasing tendency for the population sample in study
In simple terms, a parameter is defined as a fatigue index (i) if the average score changes signal (summarized by color) between the trial where fatigue is induced (Fatigue +) and the trial where fatigue decreases (Fatigue -) or
(ii) if the average score module in Fatigue + is bigger than 0.50 and in Fatigue - is less than 0.50.
Table C.4: EMG processing results generated during the iterative application of the meta-analysis with different window sizes and time-steps for identifying which is the best combination to extract the feature and to evaluate the respective tendency. The values presented correspond to the combined slope, determined from the slopes of the regression line that best fits the evolution of each parameter for the different subjects inside the sample. The uncertainty is given by the half-length of the 95 % confidence interval.
Time Domain Frequency Domain Time-Frequency Domain
RMS Median Frequency ♠ Total Power Major Frequency ♠ Major Time ♠ Mean Power Convex Hull Area Convex Hull Volume Time Dispersion Frequency Dispersion Median Frequency ♠
Window Size (# Bursts) Overlap Fraction Otsu-Level Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
1 0 None 1.11× 10−4 ± 4.20× 10−6 2.36× 10−5 ± 1.89× 10−6 −2.96× 10−2 ± 1.99× 10−3 2.58× 10−3 ± 2.74× 10−3 1.80× 10−5 ± 8.10× 10−7 1.18× 10−6 ± 1.48× 10−7 −3.49× 10−2 ± 1.54× 10−3 1.54× 10−3 ± 1.99× 10−3 −1.92× 10−5 ± 9.23× 10−6 −3.44× 10−5 ± 1.19× 10−5 9.95× 10−6 ± 4.56× 10−7 6.86× 10−7 ± 8.50× 10−8 - - 7.57× 101 ± 5.24 7.25 ± 1.28 - - - - −2.80× 10−2 ± 1.74× 10−3 1.17× 10−3 ± 2.27× 10−3
1 0 0 - - - - - - −1.62× 10−2 ± 1.86× 10−3 1.06× 10−2 ± 2.29× 10−3 1.68× 10−5 ± 9.89× 10−6 −3.99× 10−5 ± 1.41× 10−5 6.61× 10−6 ± 7.36× 10−7 8.07× 10−7 ± 1.48× 10−7 - - 2.56× 101 ± 1.56 3.08 ± 7.10× 10−1 - - - - −1.93× 10−2 ± 2.00× 10−3 6.63× 10−3 ± 2.50× 10−3
1 0 1 - - - - - - - - - - - - 9.89× 10−1 ± 4.90× 10−2 2.24× 10−1 ± 5.99× 10−2 8.86 ± 6.86× 10−1 5.31× 10−1 ± 1.51× 10−1 4.78× 10−1 ± 2.43× 10−2 6.14× 10−2 ± 2.78× 10−2 5.24× 10−2 ± 4.60× 10−3 1.04× 10−1 ± 7.72× 10−3 - -
1 0 2 - - - - - - −3.14× 10−2 ± 5.04× 10−3 2.47× 10−2 ± 9.19× 10−3 2.42× 10−5 ± 2.51× 10−5 −4.69× 10−5 ± 2.83× 10−5 2.55× 10−4 ± 4.24× 10−5 4.98× 10−5 ± 1.61× 10−5 6.84× 10−1 ± 7.18× 10−2 1.17× 10−1 ± 5.14× 10−2 2.91 ± 5.38× 10−1 7.76× 10−2 ± 8.34× 10−2 3.40× 10−1 ± 3.54× 10−2 2.99× 10−2 ± 2.22× 10−2 2.02× 10−2 ± 5.27× 10−3 6.90× 10−2 ± 1.04× 10−2 −3.19× 10−2 ± 5.34× 10−3 2.11× 10−2 ± 9.84× 10−3
5 0 None 1.02× 10−4 ± 5.13× 10−6 2.48× 10−5 ± 3.02× 10−6 −3.02× 10−2 ± 2.33× 10−3 2.53× 10−3 ± 3.24× 10−3 1.64× 10−5 ± 9.35× 10−7 1.30× 10−6 ± 2.22× 10−7 −3.21× 10−2 ± 2.94× 10−3 3.99× 10−3 ± 4.01× 10−3 −1.12× 10−6 ± 1.58× 10−5 −4.79× 10−5 ± 1.93× 10−5 1.87× 10−6 ± 1.25× 10−7 1.54× 10−7 ± 2.81× 10−8 - - 1.32× 101 ± 1.52 9.24× 10−1 ± 3.30× 10−1 - - - - −2.54× 10−2 ± 3.50× 10−3 3.66× 10−3 ± 4.69× 10−3
5 0 0 - - - - - - −8.34× 10−3 ± 3.43× 10−3 2.05× 10−2 ± 4.70× 10−3 3.04× 10−5 ± 1.78× 10−5 −5.35× 10−5 ± 2.21× 10−5 1.53× 10−5 ± 1.34× 10−6 1.04× 10−6 ± 1.98× 10−7 4.99× 10−1 ± 4.52× 10−2 4.72× 10−2 ± 2.74× 10−2 4.56 ± 4.19× 10−1 4.24× 10−1 ± 1.42× 10−1 1.52× 10−1 ± 2.02× 10−2 7.47× 10−4 ± 1.40× 10−3 6.91× 10−2 ± 8.19× 10−3 1.19× 10−1 ± 1.26× 10−2 −1.33× 10−2 ± 3.93× 10−3 1.40× 10−2 ± 5.09× 10−3
5 0 1 - - - - - - −1.63× 10−2 ± 5.36× 10−3 2.97× 10−2 ± 7.00× 10−3 3.67× 10−5 ± 2.65× 10−5 −6.40× 10−5 ± 2.92× 10−5 3.19× 10−5 ± 3.70× 10−6 2.61× 10−6 ± 6.85× 10−7 1.17 ± 9.08× 10−2 2.46× 10−1 ± 1.37× 10−1 1.84 ± 2.06× 10−1 1.36× 10−1 ± 4.73× 10−2 5.70× 10−1 ± 4.55× 10−2 3.27× 10−2 ± 5.88× 10−2 6.24× 10−2 ± 7.84× 10−3 1.09× 10−1 ± 1.22× 10−2 −1.79× 10−2 ± 5.94× 10−3 2.20× 10−2 ± 7.65× 10−3
5 0 2 - - - - - - - - - - - - 8.31× 10−1 ± 1.37× 10−1 2.82× 10−1 ± 1.19× 10−1 4.71× 10−1 ± 1.20× 10−1 1.84× 10−2 ± 1.92× 10−2 4.04× 10−1 ± 6.80× 10−2 1.20× 10−1 ± 5.73× 10−2 4.18× 10−2 ± 9.96× 10−3 7.36× 10−2 ± 1.53× 10−2 - -
5 0.10 None 1.02× 10−4 ± 5.13× 10−6 2.48× 10−5 ± 3.02× 10−6 −3.02× 10−2 ± 2.33× 10−3 2.53× 10−3 ± 3.24× 10−3 1.64× 10−5 ± 9.35× 10−7 1.30× 10−6 ± 2.22× 10−7 −3.21× 10−2 ± 2.94× 10−3 3.99× 10−3 ± 4.01× 10−3 −1.12× 10−6 ± 1.58× 10−5 −4.79× 10−5 ± 1.93× 10−5 1.87× 10−6 ± 1.25× 10−7 1.54× 10−7 ± 2.81× 10−8 - - 1.32× 101 ± 1.52 9.24× 10−1 ± 3.30× 10−1 - - - - −2.54× 10−2 ± 3.50× 10−3 3.66× 10−3 ± 4.69× 10−3
5 0.10 0 - - - - - - −8.34× 10−3 ± 3.43× 10−3 2.05× 10−2 ± 4.70× 10−3 3.04× 10−5 ± 1.78× 10−5 −5.35× 10−5 ± 2.21× 10−5 1.53× 10−5 ± 1.34× 10−6 1.04× 10−6 ± 1.98× 10−7 4.99× 10−1 ± 4.52× 10−2 4.72× 10−2 ± 2.74× 10−2 4.56 ± 4.19× 10−1 4.24× 10−1 ± 1.42× 10−1 1.52× 10−1 ± 2.02× 10−2 7.47× 10−4 ± 1.40× 10−3 6.91× 10−2 ± 8.19× 10−3 1.19× 10−1 ± 1.26× 10−2 −1.33× 10−2 ± 3.93× 10−3 1.40× 10−2 ± 5.09× 10−3
5 0.10 1 - - - - - - −1.63× 10−2 ± 5.36× 10−3 2.97× 10−2 ± 7.00× 10−3 3.67× 10−5 ± 2.65× 10−5 −6.40× 10−5 ± 2.92× 10−5 3.19× 10−5 ± 3.70× 10−6 2.61× 10−6 ± 6.85× 10−7 1.17 ± 9.08× 10−2 2.46× 10−1 ± 1.37× 10−1 1.84 ± 2.06× 10−1 1.36× 10−1 ± 4.73× 10−2 5.70× 10−1 ± 4.55× 10−2 3.27× 10−2 ± 5.88× 10−2 6.24× 10−2 ± 7.84× 10−3 1.09× 10−1 ± 1.22× 10−2 −1.79× 10−2 ± 5.94× 10−3 2.20× 10−2 ± 7.65× 10−3
5 0.10 2 - - - - - - - - - - - - 8.31× 10−1 ± 1.37× 10−1 2.82× 10−1 ± 1.19× 10−1 4.71× 10−1 ± 1.20× 10−1 1.84× 10−2 ± 1.92× 10−2 4.04× 10−1 ± 6.80× 10−2 1.20× 10−1 ± 5.73× 10−2 4.18× 10−2 ± 9.96× 10−3 7.36× 10−2 ± 1.53× 10−2 - -
5 0.25 None 1.05× 10−4 ± 4.80× 10−6 2.45× 10−5 ± 2.72× 10−6 −2.92× 10−2 ± 2.10× 10−3 2.61× 10−3 ± 2.91× 10−3 1.69× 10−5 ± 8.85× 10−7 1.25× 10−6 ± 2.00× 10−7 −3.15× 10−2 ± 2.59× 10−3 3.31× 10−3 ± 3.56× 10−3 −1.81× 10−5 ± 1.48× 10−5 −5.08× 10−5 ± 1.70× 10−5 1.86× 10−6 ± 1.17× 10−7 1.46× 10−7 ± 2.46× 10−8 - - 1.23× 101 ± 1.33 8.63× 10−1 ± 2.90× 10−1 - - - - −2.48× 10−2 ± 3.08× 10−3 3.74× 10−3 ± 4.15× 10−3
5 0.25 0 - - - - - - −9.72× 10−3 ± 3.02× 10−3 1.75× 10−2 ± 4.13× 10−3 2.01× 10−5 ± 1.65× 10−5 −4.76× 10−5 ± 1.92× 10−5 1.19× 10−5 ± 9.83× 10−7 8.01× 10−7 ± 1.49× 10−7 3.45× 10−1 ± 3.06× 10−2 5.11× 10−2 ± 2.18× 10−2 4.81 ± 4.23× 10−1 4.44× 10−1 ± 1.35× 10−1 5.77× 10−2 ± 1.13× 10−2 5.46× 10−4 ± 1.09× 10−3 6.10× 10−2 ± 7.34× 10−3 1.11× 10−1 ± 1.12× 10−2 −1.32× 10−2 ± 3.32× 10−3 1.22× 10−2 ± 4.44× 10−3
5 0.25 1 - - - - - - −1.62× 10−2 ± 4.73× 10−3 2.68× 10−2 ± 6.29× 10−3 3.24× 10−5 ± 2.36× 10−5 −6.81× 10−5 ± 2.62× 10−5 2.90× 10−5 ± 3.10× 10−6 2.25× 10−6 ± 5.76× 10−7 1.18 ± 8.05× 10−2 3.08× 10−1 ± 1.38× 10−1 1.85 ± 1.91× 10−1 1.36× 10−1 ± 4.05× 10−2 5.75× 10−1 ± 4.04× 10−2 1.15× 10−1 ± 6.81× 10−2 6.20× 10−2 ± 7.09× 10−3 1.06× 10−1 ± 1.11× 10−2 −1.73× 10−2 ± 5.34× 10−3 2.18× 10−2 ± 6.91× 10−3
5 0.25 2 - - - - - - −1.68× 10−2 ± 8.32× 10−3 3.26× 10−2 ± 1.27× 10−2 2.78× 10−5 ± 4.16× 10−5 −6.44× 10−5 ± 4.02× 10−5 4.16× 10−5 ± 9.41× 10−6 2.24× 10−6 ± 1.60× 10−6 8.48× 10−1 ± 1.32× 10−1 2.29× 10−1 ± 1.03× 10−1 4.83× 10−1 ± 1.21× 10−1 2.23× 10−2 ± 1.93× 10−2 4.17× 10−1 ± 6.57× 10−2 9.15× 10−2 ± 4.67× 10−2 3.87× 10−2 ± 8.45× 10−3 6.12× 10−2 ± 1.44× 10−2 −1.69× 10−2 ± 8.95× 10−3 3.02× 10−2 ± 1.36× 10−2
5 0.50 None 1.04× 10−4 ± 4.14× 10−6 2.39× 10−5 ± 2.30× 10−6 −3.05× 10−2 ± 1.75× 10−3 2.50× 10−3 ± 2.46× 10−3 1.67× 10−5 ± 7.66× 10−7 1.28× 10−6 ± 1.72× 10−7 −3.21× 10−2 ± 2.21× 10−3 3.50× 10−3 ± 3.08× 10−3 −8.93× 10−6 ± 1.22× 10−5 −4.99× 10−5 ± 1.49× 10−5 1.83× 10−6 ± 1.02× 10−7 1.46× 10−7 ± 2.08× 10−8 - - 1.22× 101 ± 1.15 9.42× 10−1 ± 2.46× 10−1 - - - - −2.52× 10−2 ± 2.62× 10−3 4.21× 10−3 ± 3.59× 10−3
5 0.50 0 - - - - - - −9.34× 10−3 ± 2.65× 10−3 1.74× 10−2 ± 3.59× 10−3 2.27× 10−5 ± 1.36× 10−5 −5.06× 10−5 ± 1.71× 10−5 1.47× 10−5 ± 1.00× 10−6 7.81× 10−7 ± 1.29× 10−7 4.61× 10−1 ± 3.30× 10−2 5.02× 10−2 ± 2.11× 10−2 4.54 ± 3.54× 10−1 4.52× 10−1 ± 1.12× 10−1 1.32× 10−1 ± 1.49× 10−2 2.85× 10−3 ± 2.39× 10−3 6.15× 10−2 ± 6.44× 10−3 1.12× 10−1 ± 9.55× 10−3 −1.37× 10−2 ± 2.93× 10−3 1.30× 10−2 ± 3.89× 10−3
5 0.50 1 - - - - - - −1.64× 10−2 ± 4.31× 10−3 2.73× 10−2 ± 5.46× 10−3 2.92× 10−5 ± 2.01× 10−5 −5.59× 10−5 ± 2.28× 10−5 3.01× 10−5 ± 2.74× 10−6 2.26× 10−6 ± 4.68× 10−7 1.16 ± 7.18× 10−2 3.32× 10−1 ± 1.11× 10−1 1.89 ± 1.68× 10−1 1.44× 10−1 ± 3.56× 10−2 5.66× 10−1 ± 3.60× 10−2 1.33× 10−1 ± 5.53× 10−2 6.39× 10−2 ± 6.41× 10−3 1.04× 10−1 ± 9.51× 10−3 −1.82× 10−2 ± 4.69× 10−3 2.22× 10−2 ± 5.99× 10−3
5 0.50 2 - - - - - - −1.90× 10−2 ± 7.17× 10−3 2.97× 10−2 ± 1.00× 10−2 8.18× 10−6 ± 3.58× 10−5 −5.65× 10−5 ± 3.45× 10−5 3.81× 10−5 ± 7.74× 10−6 2.64× 10−6 ± 1.15× 10−6 8.76× 10−1 ± 1.09× 10−1 2.79× 10−1 ± 8.73× 10−2 5.16× 10−1 ± 1.12× 10−1 2.69× 10−2 ± 1.48× 10−2 4.27× 10−1 ± 5.43× 10−2 1.19× 10−1 ± 3.74× 10−2 3.88× 10−2 ± 7.40× 10−3 6.42× 10−2 ± 1.13× 10−2 −1.99× 10−2 ± 7.61× 10−3 2.72× 10−2 ± 1.07× 10−2
5 0.75 None 1.04× 10−4 ± 3.36× 10−6 2.41× 10−5 ± 1.89× 10−6 −2.96× 10−2 ± 1.48× 10−3 2.67× 10−3 ± 2.04× 10−3 1.67× 10−5 ± 6.25× 10−7 1.24× 10−6 ± 1.38× 10−7 −3.19× 10−2 ± 1.83× 10−3 4.12× 10−3 ± 2.52× 10−3 −1.65× 10−5 ± 1.02× 10−5 −4.66× 10−5 ± 1.23× 10−5 1.84× 10−6 ± 8.34× 10−8 1.44× 10−7 ± 1.70× 10−8 - - 1.29× 101 ± 9.93× 10−1 8.83× 10−1 ± 2.00× 10−1 - - - - −2.57× 10−2 ± 2.19× 10−3 4.41× 10−3 ± 2.92× 10−3
5 0.75 0 - - - - - - −1.05× 10−2 ± 2.13× 10−3 1.82× 10−2 ± 2.91× 10−3 1.62× 10−5 ± 1.14× 10−5 −4.80× 10−5 ± 1.38× 10−5 1.32× 10−5 ± 7.53× 10−7 7.68× 10−7 ± 1.05× 10−7 3.51× 10−1 ± 2.10× 10−2 5.62× 10−2 ± 1.65× 10−2 4.61 ± 3.00× 10−1 4.54× 10−1 ± 9.27× 10−2 5.28× 10−2 ± 7.34× 10−3 2.26× 10−3 ± 2.17× 10−3 5.81× 10−2 ± 5.16× 10−3 1.16× 10−1 ± 7.82× 10−3 −1.45× 10−2 ± 2.37× 10−3 1.27× 10−2 ± 3.13× 10−3
5 0.75 1 - - - - - - −1.70× 10−2 ± 3.49× 10−3 2.75× 10−2 ± 4.42× 10−3 2.76× 10−5 ± 1.66× 10−5 −7.78× 10−5 ± 2.07× 10−5 3.10× 10−5 ± 2.31× 10−6 2.20× 10−6 ± 3.87× 10−7 1.16 ± 5.69× 10−2 3.35× 10−1 ± 9.53× 10−2 1.83 ± 1.34× 10−1 1.46× 10−1 ± 2.87× 10−2 5.69× 10−1 ± 2.86× 10−2 1.34× 10−1 ± 4.72× 10−2 6.29× 10−2 ± 5.11× 10−3 1.07× 10−1 ± 7.87× 10−3 −1.87× 10−2 ± 3.86× 10−3 2.21× 10−2 ± 4.86× 10−3
5 0.75 2 - - - - - - −1.89× 10−2 ± 6.00× 10−3 2.95× 10−2 ± 8.45× 10−3 2.03× 10−5 ± 2.94× 10−5 −4.76× 10−5 ± 2.83× 10−5 4.46× 10−5 ± 6.88× 10−6 2.60× 10−6 ± 9.84× 10−7 8.30× 10−1 ± 9.23× 10−2 2.25× 10−1 ± 7.43× 10−2 4.68× 10−1 ± 8.35× 10−2 1.59× 10−2 ± 1.22× 10−2 4.06× 10−1 ± 4.60× 10−2 9.04× 10−2 ± 3.46× 10−2 3.82× 10−2 ± 6.30× 10−3 6.67× 10−2 ± 9.64× 10−3 −1.97× 10−2 ± 6.32× 10−3 2.45× 10−2 ± 9.07× 10−3
5 0.90 None 1.04× 10−4 ± 2.35× 10−6 2.40× 10−5 ± 1.33× 10−6 −3.04× 10−2 ± 1.03× 10−3 2.71× 10−3 ± 1.44× 10−3 1.70× 10−5 ± 4.42× 10−7 1.27× 10−6 ± 9.95× 10−8 −3.23× 10−2 ± 1.28× 10−3 4.06× 10−3 ± 1.77× 10−3 −9.52× 10−6 ± 7.10× 10−6 −4.39× 10−5 ± 8.68× 10−6 1.86× 10−6 ± 5.86× 10−8 1.43× 10−7 ± 1.20× 10−8 - - 1.28× 101 ± 6.78× 10−1 8.78× 10−1 ± 1.42× 10−1 - - - - −2.60× 10−2 ± 1.52× 10−3 4.46× 10−3 ± 2.05× 10−3
5 0.90 0 - - - - - - −1.07× 10−2 ± 1.47× 10−3 1.80× 10−2 ± 2.05× 10−3 2.14× 10−5 ± 7.86× 10−6 −4.75× 10−5 ± 9.82× 10−6 1.31× 10−5 ± 5.18× 10−7 7.34× 10−7 ± 7.14× 10−8 3.51× 10−1 ± 1.49× 10−2 5.45× 10−2 ± 1.17× 10−2 5.00 ± 2.19× 10−1 5.06× 10−1 ± 7.10× 10−2 5.14× 10−2 ± 5.11× 10−3 2.12× 10−3 ± 1.40× 10−3 5.63× 10−2 ± 3.59× 10−3 1.13× 10−1 ± 5.48× 10−3 −1.51× 10−2 ± 1.65× 10−3 1.25× 10−2 ± 2.19× 10−3
5 0.90 1 - - - - - - −1.62× 10−2 ± 2.45× 10−3 2.72× 10−2 ± 3.14× 10−3 2.85× 10−5 ± 1.18× 10−5 −7.17× 10−5 ± 1.44× 10−5 3.15× 10−5 ± 1.63× 10−6 2.19× 10−6 ± 2.75× 10−7 1.17 ± 4.03× 10−2 3.35× 10−1 ± 6.63× 10−2 1.92 ± 9.78× 10−2 1.46× 10−1 ± 2.04× 10−2 5.71× 10−1 ± 2.03× 10−2 1.33× 10−1 ± 3.30× 10−2 6.23× 10−2 ± 3.65× 10−3 1.05× 10−1 ± 5.50× 10−3 −1.81× 10−2 ± 2.71× 10−3 2.17× 10−2 ± 3.44× 10−3
5 0.90 2 - - - - - - −1.85× 10−2 ± 4.15× 10−3 2.66× 10−2 ± 5.85× 10−3 2.06× 10−5 ± 2.04× 10−5 −5.53× 10−5 ± 1.99× 10−5 4.67× 10−5 ± 4.88× 10−6 2.63× 10−6 ± 6.84× 10−7 8.13× 10−1 ± 6.42× 10−2 2.59× 10−1 ± 5.26× 10−2 4.97× 10−1 ± 6.19× 10−2 1.86× 10−2 ± 8.75× 10−3 3.98× 10−1 ± 3.20× 10−2 1.06× 10−1 ± 2.51× 10−2 3.75× 10−2 ± 4.38× 10−3 6.76× 10−2 ± 6.67× 10−3 −1.94× 10−2 ± 4.39× 10−3 2.22× 10−2 ± 6.29× 10−3
10 0 None 1.04× 10−4 ± 6.37× 10−6 2.59× 10−5 ± 3.63× 10−6 −3.06× 10−2 ± 2.54× 10−3 3.96× 10−3 ± 3.56× 10−3 1.68× 10−5 ± 1.18× 10−6 1.47× 10−6 ± 2.70× 10−7 −3.31× 10−2 ± 3.68× 10−3 7.19× 10−3 ± 5.43× 10−3 −5.85× 10−6 ± 2.08× 10−5 −4.76× 10−5 ± 2.58× 10−5 9.85× 10−7 ± 8.09× 10−8 7.70× 10−8 ± 1.69× 10−8 - - 5.86 ± 8.36× 10−1 3.27× 10−1 ± 1.80× 10−1 - - - - −2.85× 10−2 ± 4.63× 10−3 6.71× 10−3 ± 6.17× 10−3
10 0 0 - - - - - - −1.05× 10−2 ± 4.47× 10−3 2.04× 10−2 ± 6.20× 10−3 2.57× 10−5 ± 2.38× 10−5 −5.18× 10−5 ± 2.90× 10−5 7.89× 10−6 ± 8.21× 10−7 4.44× 10−7 ± 1.23× 10−7 5.04× 10−1 ± 5.61× 10−2 6.01× 10−2 ± 3.61× 10−2 2.06 ± 2.43× 10−1 1.78× 10−1 ± 7.65× 10−2 1.55× 10−1 ± 2.63× 10−2 1.27× 10−3 ± 1.76× 10−3 6.49× 10−2 ± 9.95× 10−3 1.12× 10−1 ± 1.51× 10−2 −1.61× 10−2 ± 5.10× 10−3 1.55× 10−2 ± 6.86× 10−3
10 0 1 - - - - - - −1.35× 10−2 ± 6.95× 10−3 2.71× 10−2 ± 9.23× 10−3 2.54× 10−5 ± 3.52× 10−5 −6.37× 10−5 ± 3.76× 10−5 1.51× 10−5 ± 2.23× 10−6 8.95× 10−7 ± 3.64× 10−7 1.19 ± 1.22× 10−1 3.67× 10−1 ± 1.96× 10−1 8.89× 10−1 ± 1.22× 10−1 6.38× 10−2 ± 2.59× 10−2 5.79× 10−1 ± 6.12× 10−2 1.55× 10−1 ± 9.81× 10−2 7.16× 10−2 ± 1.00× 10−2 1.03× 10−1 ± 1.51× 10−2 −1.65× 10−2 ± 7.84× 10−3 2.52× 10−2 ± 1.02× 10−2
10 0 2 - - - - - - - - - - - - - - - - - - - - - -
10 0.10 None 1.04× 10−4 ± 6.01× 10−6 2.55× 10−5 ± 3.43× 10−6 −3.00× 10−2 ± 2.45× 10−3 3.14× 10−3 ± 3.43× 10−3 1.74× 10−5 ± 1.11× 10−6 1.36× 10−6 ± 2.56× 10−7 −3.48× 10−2 ± 3.99× 10−3 5.15× 10−3 ± 5.22× 10−3 6.83× 10−7 ± 1.94× 10−5 −4.69× 10−5 ± 2.43× 10−5 9.51× 10−7 ± 7.60× 10−8 7.60× 10−8 ± 1.65× 10−8 - - 5.60 ± 8.17× 10−1 3.44× 10−1 ± 2.03× 10−1 - - - - −3.01× 10−2 ± 4.66× 10−3 6.04× 10−3 ± 6.11× 10−3
10 0.10 0 - - - - - - −1.29× 10−2 ± 4.53× 10−3 1.79× 10−2 ± 5.80× 10−3 4.38× 10−5 ± 2.26× 10−5 −5.02× 10−5 ± 2.75× 10−5 7.22× 10−6 ± 7.13× 10−7 4.64× 10−7 ± 1.22× 10−7 3.87× 10−1 ± 4.26× 10−2 6.68× 10−2 ± 3.41× 10−2 2.11 ± 2.46× 10−1 1.94× 10−1 ± 8.64× 10−2 7.09× 10−2 ± 1.63× 10−2 2.65× 10−3 ± 2.25× 10−3 6.37× 10−2 ± 9.59× 10−3 1.14× 10−1 ± 1.39× 10−2 −1.68× 10−2 ± 5.08× 10−3 1.32× 10−2 ± 6.34× 10−3
10 0.10 1 - - - - - - −1.76× 10−2 ± 6.87× 10−3 2.43× 10−2 ± 9.08× 10−3 3.51× 10−5 ± 3.32× 10−5 −7.36× 10−5 ± 3.66× 10−5 1.46× 10−5 ± 1.91× 10−6 8.54× 10−7 ± 3.76× 10−7 1.27 ± 1.12× 10−1 4.04× 10−1 ± 1.76× 10−1 9.30× 10−1 ± 1.26× 10−1 7.48× 10−2 ± 2.88× 10−2 6.33× 10−1 ± 5.68× 10−2 1.74× 10−1 ± 8.83× 10−2 7.38× 10−2 ± 9.49× 10−3 1.04× 10−1 ± 1.47× 10−2 −2.17× 10−2 ± 7.71× 10−3 2.01× 10−2 ± 9.81× 10−3
10 0.10 2 - - - - - - −1.56× 10−2 ± 1.21× 10−2 9.51× 10−2 ± 6.46× 10−3 1.38× 10−5 ± 5.54× 10−5 −8.97× 10−6 ± 5.03× 10−5 2.15× 10−5 ± 5.63× 10−6 1.06× 10−6 ± 8.32× 10−7 8.92× 10−1 ± 1.92× 10−1 2.00× 10−1 ± 1.17× 10−1 2.18× 10−1 ± 7.19× 10−2 2.47× 10−3 ± 6.18× 10−3 4.42× 10−1 ± 9.50× 10−2 8.87× 10−2 ± 5.56× 10−2 5.28× 10−2 ± 1.33× 10−2 4.73× 10−2 ± 1.49× 10−2 −1.55× 10−2 ± 1.27× 10−2 4.54× 10−2 ± 1.47× 10−2
10 0.25 None 1.04× 10−4 ± 5.68× 10−6 2.43× 10−5 ± 3.19× 10−6 −3.05× 10−2 ± 2.26× 10−3 2.26× 10−3 ± 3.19× 10−3 1.69× 10−5 ± 1.05× 10−6 1.32× 10−6 ± 2.38× 10−7 −3.39× 10−2 ± 3.76× 10−3 4.33× 10−3 ± 4.76× 10−3 −1.30× 10−5 ± 1.77× 10−5 −5.47× 10−5 ± 2.13× 10−5 9.37× 10−7 ± 7.57× 10−8 7.52× 10−8 ± 1.48× 10−8 - - 5.56 ± 7.38× 10−1 3.54× 10−1 ± 1.64× 10−1 - - - - −3.00× 10−2 ± 4.46× 10−3 5.42× 10−3 ± 5.42× 10−3
10 0.25 0 - - - - - - −1.27× 10−2 ± 4.24× 10−3 1.75× 10−2 ± 5.51× 10−3 2.76× 10−5 ± 2.03× 10−5 −5.96× 10−5 ± 2.44× 10−5 6.78× 10−6 ± 6.85× 10−7 4.70× 10−7 ± 1.08× 10−7 4.54× 10−1 ± 4.76× 10−2 5.85× 10−2 ± 3.01× 10−2 2.19 ± 2.42× 10−1 1.79× 10−1 ± 7.02× 10−2 1.21× 10−1 ± 2.07× 10−2 1.67× 10−3 ± 1.52× 10−3 6.16× 10−2 ± 9.21× 10−3 1.10× 10−1 ± 1.37× 10−2 −1.79× 10−2 ± 4.74× 10−3 1.36× 10−2 ± 5.72× 10−3
10 0.25 1 - - - - - - −1.87× 10−2 ± 6.72× 10−3 2.24× 10−2 ± 8.24× 10−3 2.30× 10−5 ± 3.00× 10−5 −7.65× 10−5 ± 3.32× 10−5 1.40× 10−5 ± 1.79× 10−6 9.24× 10−7 ± 3.26× 10−7 1.23 ± 1.06× 10−1 4.18× 10−1 ± 1.68× 10−1 8.65× 10−1 ± 1.09× 10−1 6.67× 10−2 ± 2.39× 10−2 6.06× 10−1 ± 5.37× 10−2 1.83× 10−1 ± 8.47× 10−2 6.48× 10−2 ± 9.27× 10−3 9.87× 10−2 ± 1.41× 10−2 −2.19× 10−2 ± 7.50× 10−3 1.93× 10−2 ± 8.94× 10−3
10 0.25 2 - - - - - - - - - - - - - - - - - - - - - -
10 0.50 None 1.03× 10−4 ± 4.30× 10−6 2.42× 10−5 ± 2.53× 10−6 −2.98× 10−2 ± 1.80× 10−3 3.46× 10−3 ± 2.53× 10−3 1.69× 10−5 ± 8.04× 10−7 1.36× 10−6 ± 1.89× 10−7 −3.32× 10−2 ± 2.79× 10−3 5.46× 10−3 ± 3.74× 10−3 −3.20× 10−6 ± 1.42× 10−5 −4.26× 10−5 ± 1.80× 10−5 9.72× 10−7 ± 5.59× 10−8 7.47× 10−8 ± 1.20× 10−8 - - 5.95 ± 5.98× 10−1 3.52× 10−1 ± 1.30× 10−1 - - - - −2.77× 10−2 ± 3.37× 10−3 5.73× 10−3 ± 4.31× 10−3
10 0.50 0 - - - - - - −1.17× 10−2 ± 3.29× 10−3 1.96× 10−2 ± 4.29× 10−3 2.89× 10−5 ± 1.61× 10−5 −4.21× 10−5 ± 2.04× 10−5 7.83× 10−6 ± 5.72× 10−7 4.64× 10−7 ± 8.90× 10−8 5.39× 10−1 ± 4.14× 10−2 6.09× 10−2 ± 2.60× 10−2 2.11 ± 1.85× 10−1 2.03× 10−1 ± 5.83× 10−2 1.67× 10−1 ± 1.89× 10−2 2.41× 10−3 ± 3.03× 10−3 6.04× 10−2 ± 7.02× 10−3 1.10× 10−1 ± 1.13× 10−2 −1.63× 10−2 ± 3.69× 10−3 1.41× 10−2 ± 4.73× 10−3
10 0.50 1 - - - - - - −1.65× 10−2 ± 5.21× 10−3 2.54× 10−2 ± 6.42× 10−3 3.76× 10−5 ± 2.42× 10−5 −5.87× 10−5 ± 2.65× 10−5 1.55× 10−5 ± 1.49× 10−6 9.22× 10−7 ± 2.68× 10−7 1.25 ± 8.47× 10−2 3.81× 10−1 ± 1.41× 10−1 8.92× 10−1 ± 8.89× 10−2 5.23× 10−2 ± 1.68× 10−2 6.16× 10−1 ± 4.29× 10−2 1.65× 10−1 ± 7.11× 10−2 7.24× 10−2 ± 7.35× 10−3 9.82× 10−2 ± 1.07× 10−2 −2.02× 10−2 ± 5.87× 10−3 2.11× 10−2 ± 7.00× 10−3
10 0.50 2 - - - - - - −1.23× 10−2 ± 8.87× 10−3 3.07× 10−2 ± 1.17× 10−2 3.77× 10−5 ± 4.35× 10−5 6.07× 10−4 ± 7.81× 10−6 2.50× 10−5 ± 4.24× 10−6 1.50× 10−6 ± 5.99× 10−7 8.90× 10−1 ± 1.45× 10−1 2.43× 10−1 ± 1.01× 10−1 2.69× 10−1 ± 6.54× 10−2 5.97× 10−3 ± 5.75× 10−3 4.39× 10−1 ± 7.26× 10−2 9.56× 10−2 ± 5.10× 10−2 4.02× 10−2 ± 9.86× 10−3 9.95× 10−2 ± 1.08× 10−2 −1.24× 10−2 ± 9.46× 10−3 2.71× 10−2 ± 1.24× 10−2
10 0.75 None 1.03× 10−4 ± 3.39× 10−6 2.41× 10−5 ± 1.95× 10−6 −2.99× 10−2 ± 1.37× 10−3 3.71× 10−3 ± 1.95× 10−3 1.69× 10−5 ± 6.37× 10−7 1.32× 10−6 ± 1.45× 10−7 −3.32× 10−2 ± 2.18× 10−3 5.49× 10−3 ± 2.91× 10−3 −2.74× 10−6 ± 1.11× 10−5 −4.31× 10−5 ± 1.38× 10−5 9.76× 10−7 ± 4.66× 10−8 7.14× 10−8 ± 9.07× 10−9 - - 6.13 ± 5.19× 10−1 3.64× 10−1 ± 1.04× 10−1 - - - - −2.81× 10−2 ± 2.62× 10−3 6.33× 10−3 ± 3.38× 10−3
10 0.75 0 - - - - - - −1.19× 10−2 ± 2.48× 10−3 1.81× 10−2 ± 3.27× 10−3 3.11× 10−5 ± 1.25× 10−5 −4.53× 10−5 ± 1.56× 10−5 6.37× 10−6 ± 3.87× 10−7 4.05× 10−7 ± 6.18× 10−8 3.39× 10−1 ± 2.31× 10−2 6.31× 10−2 ± 1.93× 10−2 2.44 ± 1.70× 10−1 2.32× 10−1 ± 5.06× 10−2 3.46× 10−2 ± 6.51× 10−3 1.32× 10−3 ± 1.77× 10−3 5.76× 10−2 ± 5.36× 10−3 1.06× 10−1 ± 8.47× 10−3 −1.64× 10−2 ± 2.82× 10−3 1.30× 10−2 ± 3.51× 10−3
10 0.75 1 - - - - - - −1.39× 10−2 ± 4.00× 10−3 2.49× 10−2 ± 5.07× 10−3 3.00× 10−5 ± 1.89× 10−5 −6.05× 10−5 ± 2.03× 10−5 1.55× 10−5 ± 1.21× 10−6 8.82× 10−7 ± 1.99× 10−7 1.20 ± 6.44× 10−2 3.45× 10−1 ± 1.05× 10−1 9.61× 10−1 ± 7.45× 10−2 7.58× 10−2 ± 1.58× 10−2 5.89× 10−1 ± 3.26× 10−2 1.48× 10−1 ± 5.29× 10−2 7.07× 10−2 ± 5.69× 10−3 9.89× 10−2 ± 8.22× 10−3 −1.71× 10−2 ± 4.53× 10−3 2.03× 10−2 ± 5.54× 10−3
10 0.75 2 - - - - - - −1.14× 10−2 ± 7.12× 10−3 2.54× 10−2 ± 8.80× 10−3 1.81× 10−5 ± 3.49× 10−5 −9.06× 10−6 ± 2.86× 10−5 2.42× 10−5 ± 3.62× 10−6 1.22× 10−6 ± 4.32× 10−7 8.47× 10−1 ± 1.11× 10−1 3.12× 10−1 ± 8.36× 10−2 3.12× 10−1 ± 5.61× 10−2 6.76× 10−3 ± 4.17× 10−3 4.15× 10−1 ± 5.52× 10−2 1.22× 10−1 ± 3.92× 10−2 4.36× 10−2 ± 7.66× 10−3 6.90× 10−2 ± 9.35× 10−3 −1.20× 10−2 ± 7.53× 10−3 2.19× 10−2 ± 9.55× 10−3
10 0.90 None 1.03× 10−4 ± 1.94× 10−6 2.39× 10−5 ± 1.13× 10−6 −3.01× 10−2 ± 8.02× 10−4 3.39× 10−3 ± 1.13× 10−3 1.70× 10−5 ± 3.67× 10−7 1.33× 10−6 ± 8.45× 10−8 −3.39× 10−2 ± 1.26× 10−3 5.36× 10−3 ± 1.67× 10−3 −2.53× 10−6 ± 6.32× 10−6 −4.15× 10−5 ± 7.86× 10−6 9.61× 10−7 ± 2.68× 10−8 7.07× 10−8 ± 5.23× 10−9 - - 6.05 ± 2.96× 10−1 3.58× 10−1 ± 5.90× 10−2 - - - - −2.87× 10−2 ± 1.52× 10−3 5.51× 10−3 ± 1.94× 10−3
10 0.90 0 - - - - - - −1.27× 10−2 ± 1.41× 10−3 1.87× 10−2 ± 1.89× 10−3 2.77× 10−5 ± 7.08× 10−6 −4.39× 10−5 ± 8.89× 10−6 6.26× 10−6 ± 2.21× 10−7 3.93× 10−7 ± 3.54× 10−8 3.35× 10−1 ± 1.32× 10−2 6.06× 10−2 ± 1.05× 10−2 2.44 ± 1.00× 10−1 2.34× 10−1 ± 2.92× 10−2 3.47× 10−2 ± 3.81× 10−3 1.54× 10−3 ± 9.65× 10−4 5.56× 10−2 ± 3.06× 10−3 1.08× 10−1 ± 4.95× 10−3 −1.74× 10−2 ± 1.64× 10−3 1.33× 10−2 ± 2.05× 10−3
10 0.90 1 - - - - - - −1.46× 10−2 ± 2.31× 10−3 2.59× 10−2 ± 2.90× 10−3 3.17× 10−5 ± 1.10× 10−5 −5.91× 10−5 ± 1.16× 10−5 1.49× 10−5 ± 6.75× 10−7 9.08× 10−7 ± 1.16× 10−7 1.23 ± 3.71× 10−2 3.31× 10−1 ± 6.10× 10−2 9.46× 10−1 ± 4.28× 10−2 6.52× 10−2 ± 8.47× 10−3 6.05× 10−1 ± 1.88× 10−2 1.42× 10−1 ± 3.08× 10−2 6.98× 10−2 ± 3.24× 10−3 9.77× 10−2 ± 4.85× 10−3 −1.74× 10−2 ± 2.58× 10−3 2.07× 10−2 ± 3.21× 10−3
10 0.90 2 - - - - - - −1.31× 10−2 ± 4.02× 10−3 2.97× 10−2 ± 4.99× 10−3 1.74× 10−5 ± 1.97× 10−5 −5.91× 10−6 ± 1.64× 10−5 2.35× 10−5 ± 1.99× 10−6 1.33× 10−6 ± 2.52× 10−7 8.46× 10−1 ± 6.24× 10−2 2.95× 10−1 ± 4.78× 10−2 2.70× 10−1 ± 3.09× 10−2 6.65× 10−3 ± 2.33× 10−3 4.15× 10−1 ± 3.12× 10−2 1.22× 10−1 ± 2.30× 10−2 4.29× 10−2 ± 4.32× 10−3 6.60× 10−2 ± 5.41× 10−3 −1.40× 10−2 ± 4.26× 10−3 2.55× 10−2 ± 5.43× 10−3
15 0 None 1.03× 10−4 ± 6.85× 10−6 2.49× 10−5 ± 3.94× 10−6 −3.10× 10−2 ± 2.69× 10−3 1.46× 10−3 ± 3.78× 10−3 1.68× 10−5 ± 1.22× 10−6 1.33× 10−6 ± 2.90× 10−7 −2.85× 10−2 ± 4.34× 10−3 2.58× 10−3 ± 6.15× 10−3 −9.31× 10−6 ± 2.29× 10−5 −5.51× 10−5 ± 2.84× 10−5 6.44× 10−7 ± 6.14× 10−8 4.96× 10−8 ± 1.19× 10−8 - - 4.00 ± 7.01× 10−1 2.98× 10−1 ± 1.52× 10−1 - - - - −2.51× 10−2 ± 5.43× 10−3 5.41× 10−3 ± 7.14× 10−3
15 0 0 - - - - - - −6.15× 10−3 ± 5.10× 10−3 1.77× 10−2 ± 6.73× 10−3 1.82× 10−5 ± 2.67× 10−5 −5.77× 10−5 ± 3.25× 10−5 5.60× 10−6 ± 6.38× 10−7 2.87× 10−7 ± 8.91× 10−8 5.97× 10−1 ± 7.39× 10−2 6.88× 10−2 ± 3.60× 10−2 1.30 ± 1.91× 10−1 2.11× 10−1 ± 8.03× 10−2 - - 7.20× 10−2 ± 1.15× 10−2 1.08× 10−1 ± 1.83× 10−2 −1.32× 10−2 ± 6.04× 10−3 1.30× 10−2 ± 7.58× 10−3
15 0 1 - - - - - - −6.02× 10−3 ± 7.73× 10−3 2.32× 10−2 ± 1.05× 10−2 4.39× 10−5 ± 3.95× 10−5 −6.23× 10−5 ± 4.08× 10−5 1.03× 10−5 ± 1.64× 10−6 6.46× 10−7 ± 2.79× 10−7 1.29 ± 1.41× 10−1 3.90× 10−1 ± 2.38× 10−1 6.60× 10−1 ± 9.92× 10−2 6.98× 10−2 ± 2.61× 10−2 6.23× 10−1 ± 7.10× 10−2 1.66× 10−1 ± 1.20× 10−1 8.92× 10−2 ± 1.19× 10−2 1.02× 10−1 ± 1.58× 10−2 −9.42× 10−3 ± 8.61× 10−3 1.84× 10−2 ± 1.13× 10−2
15 0 2 - - - - - - 2.91× 10−3 ± 1.27× 10−2 2.88× 10−2 ± 1.86× 10−2 3.18× 10−5 ± 6.74× 10−5 −5.33× 10−5 ± 6.32× 10−5 1.45× 10−5 ± 4.67× 10−6 9.12× 10−7 ± 6.29× 10−7 1.08 ± 2.30× 10−1 2.48× 10−1 ± 1.88× 10−1 2.78× 10−1 ± 7.04× 10−2 1.31× 10−2 ± 8.75× 10−3 5.93× 10−1 ± 9.42× 10−2 1.03× 10−1 ± 9.31× 10−2 3.33× 10−2 ± 1.54× 10−2 6.44× 10−2 ± 1.92× 10−2 8.39× 10−4 ± 1.42× 10−2 2.65× 10−2 ± 2.05× 10−2
15 0.10 None 1.01× 10−4 ± 6.74× 10−6 2.39× 10−5 ± 3.76× 10−6 −2.93× 10−2 ± 2.59× 10−3 2.88× 10−3 ± 3.80× 10−3 1.62× 10−5 ± 1.23× 10−6 1.39× 10−6 ± 2.86× 10−7 −3.48× 10−2 ± 4.65× 10−3 4.82× 10−3 ± 6.05× 10−3 −1.96× 10−5 ± 2.36× 10−5 −5.61× 10−5 ± 2.85× 10−5 6.42× 10−7 ± 6.35× 10−8 4.85× 10−8 ± 1.20× 10−8 - - 3.72 ± 6.46× 10−1 2.22× 10−1 ± 1.39× 10−1 - - - - −2.82× 10−2 ± 5.56× 10−3 4.60× 10−3 ± 7.25× 10−3
15 0.10 0 - - - - - - −1.11× 10−2 ± 5.69× 10−3 1.75× 10−2 ± 6.89× 10−3 1.64× 10−6 ± 2.72× 10−5 −5.92× 10−5 ± 3.28× 10−5 5.70× 10−6 ± 6.87× 10−7 2.99× 10−7 ± 9.27× 10−8 6.99× 10−1 ± 7.90× 10−2 5.39× 10−2 ± 4.00× 10−2 1.18 ± 1.70× 10−1 1.33× 10−1 ± 5.98× 10−2 2.92× 10−1 ± 4.02× 10−2 −1.68× 10−4 ± 2.79× 10−3 6.36× 10−2 ± 1.15× 10−2 1.13× 10−1 ± 1.79× 10−2 −1.53× 10−2 ± 6.24× 10−3 1.06× 10−2 ± 7.52× 10−3
15 0.10 1 - - - - - - −8.88× 10−3 ± 8.70× 10−3 2.29× 10−2 ± 1.01× 10−2 2.37× 10−5 ± 3.99× 10−5 −8.21× 10−5 ± 4.06× 10−5 1.09× 10−5 ± 1.83× 10−6 6.53× 10−7 ± 2.77× 10−7 1.26 ± 1.41× 10−1 3.30× 10−1 ± 2.43× 10−1 5.00× 10−1 ± 8.52× 10−2 4.00× 10−2 ± 1.97× 10−2 6.11× 10−1 ± 7.18× 10−2 1.39× 10−1 ± 1.22× 10−1 6.66× 10−2 ± 1.12× 10−2 9.61× 10−2 ± 1.54× 10−2 −1.13× 10−2 ± 9.50× 10−3 1.56× 10−2 ± 1.11× 10−2
15 0.10 2 - - - - - - - - - - - - - - - - - - - - - -
15 0.25 None 1.03× 10−4 ± 6.35× 10−6 2.39× 10−5 ± 3.41× 10−6 −2.95× 10−2 ± 2.54× 10−3 2.64× 10−3 ± 3.41× 10−3 1.66× 10−5 ± 1.16× 10−6 1.43× 10−6 ± 2.59× 10−7 −3.07× 10−2 ± 4.14× 10−3 6.57× 10−3 ± 5.20× 10−3 1.13× 10−5 ± 1.94× 10−5 −7.30× 10−5 ± 2.56× 10−5 6.27× 10−7 ± 5.96× 10−8 4.53× 10−8 ± 1.00× 10−8 - - 3.28 ± 5.04× 10−1 1.75× 10−1 ± 1.23× 10−1 - - - - −2.58× 10−2 ± 5.11× 10−3 8.59× 10−3 ± 6.23× 10−3
15 0.25 0 - - - - - - −9.99× 10−3 ± 5.29× 10−3 2.06× 10−2 ± 5.95× 10−3 3.68× 10−5 ± 2.18× 10−5 −8.29× 10−5 ± 3.01× 10−5 4.63× 10−6 ± 5.66× 10−7 2.64× 10−7 ± 7.43× 10−8 5.90× 10−1 ± 6.44× 10−2 6.91× 10−2 ± 3.24× 10−2 1.25 ± 1.63× 10−1 9.02× 10−2 ± 5.18× 10−2 1.79× 10−1 ± 2.85× 10−2 6.79× 10−4 ± 1.31× 10−3 6.84× 10−2 ± 1.11× 10−2 1.12× 10−1 ± 1.54× 10−2 −1.49× 10−2 ± 5.69× 10−3 1.62× 10−2 ± 6.68× 10−3
15 0.25 1 - - - - - - −1.15× 10−2 ± 8.02× 10−3 2.81× 10−2 ± 9.30× 10−3 5.52× 10−5 ± 3.23× 10−5 −8.03× 10−5 ± 4.08× 10−5 8.91× 10−6 ± 1.35× 10−6 5.19× 10−7 ± 2.13× 10−7 1.18 ± 1.20× 10−1 2.97× 10−1 ± 1.94× 10−1 5.74× 10−1 ± 8.59× 10−2 4.21× 10−2 ± 1.88× 10−2 5.95× 10−1 ± 6.21× 10−2 1.23× 10−1 ± 9.91× 10−2 7.61× 10−2 ± 1.05× 10−2 8.96× 10−2 ± 1.52× 10−2 −1.25× 10−2 ± 8.70× 10−3 2.16× 10−2 ± 1.00× 10−2
15 0.25 2 - - - - - - −1.27× 10−2 ± 1.37× 10−2 2.99× 10−2 ± 1.67× 10−2 6.39× 10−5 ± 6.41× 10−5 −6.53× 10−5 ± 5.54× 10−5 1.35× 10−5 ± 4.07× 10−6 6.72× 10−7 ± 4.94× 10−7 9.69× 10−1 ± 2.20× 10−1 2.18× 10−1 ± 1.56× 10−1 1.82× 10−1 ± 6.58× 10−2 3.45× 10−3 ± 4.10× 10−3 4.73× 10−1 ± 1.10× 10−1 9.45× 10−2 ± 7.55× 10−2 5.78× 10−2 ± 1.48× 10−2 6.00× 10−2 ± 1.61× 10−2 −1.28× 10−2 ± 1.46× 10−2 2.98× 10−2 ± 1.86× 10−2
15 0.50 None 1.05× 10−4 ± 5.21× 10−6 2.41× 10−5 ± 2.89× 10−6 −2.95× 10−2 ± 2.05× 10−3 2.96× 10−3 ± 2.87× 10−3 1.73× 10−5 ± 9.64× 10−7 1.36× 10−6 ± 2.14× 10−7 −3.32× 10−2 ± 3.48× 10−3 5.58× 10−3 ± 4.73× 10−3 −6.61× 10−6 ± 1.69× 10−5 −4.87× 10−5 ± 2.06× 10−5 6.36× 10−7 ± 4.95× 10−8 5.00× 10−8 ± 9.01× 10−9 - - 4.02 ± 5.59× 10−1 2.54× 10−1 ± 1.05× 10−1 - - - - −2.82× 10−2 ± 4.17× 10−3 6.96× 10−3 ± 5.77× 10−3
15 0.50 0 - - - - - - −1.26× 10−2 ± 4.00× 10−3 2.09× 10−2 ± 5.30× 10−3 1.94× 10−5 ± 1.95× 10−5 −5.57× 10−5 ± 2.37× 10−5 3.97× 10−6 ± 3.98× 10−7 3.08× 10−7 ± 6.87× 10−8 3.51× 10−1 ± 3.66× 10−2 6.34× 10−2 ± 2.69× 10−2 1.43 ± 1.72× 10−1 1.30× 10−1 ± 4.24× 10−2 3.53× 10−2 ± 9.93× 10−3 6.11× 10−4 ± 7.83× 10−4 5.61× 10−2 ± 8.28× 10−3 9.67× 10−2 ± 1.29× 10−2 −1.66× 10−2 ± 4.43× 10−3 1.64× 10−2 ± 6.03× 10−3
15 0.50 1 - - - - - - −1.27× 10−2 ± 6.59× 10−3 2.41× 10−2 ± 8.10× 10−3 3.79× 10−5 ± 2.94× 10−5 −6.04× 10−5 ± 3.13× 10−5 9.89× 10−6 ± 1.22× 10−6 5.60× 10−7 ± 2.00× 10−7 1.24 ± 1.05× 10−1 1.94× 10−1 ± 1.65× 10−1 6.06× 10−1 ± 7.70× 10−2 4.88× 10−2 ± 1.54× 10−2 6.06× 10−1 ± 5.36× 10−2 7.31× 10−2 ± 8.33× 10−2 6.82× 10−2 ± 9.06× 10−3 9.08× 10−2 ± 1.21× 10−2 −1.39× 10−2 ± 7.16× 10−3 1.95× 10−2 ± 9.01× 10−3
15 0.50 2 - - - - - - −7.83× 10−3 ± 1.02× 10−2 3.69× 10−2 ± 1.39× 10−2 5.37× 10−5 ± 4.84× 10−5 −9.96× 10−6 ± 4.46× 10−5 1.49× 10−5 ± 3.28× 10−6 8.29× 10−7 ± 4.58× 10−7 8.42× 10−1 ± 1.78× 10−1 2.50× 10−1 ± 1.38× 10−1 1.34× 10−1 ± 4.83× 10−2 7.74× 10−3 ± 4.44× 10−3 4.12× 10−1 ± 8.86× 10−2 1.04× 10−1 ± 6.83× 10−2 3.86× 10−2 ± 1.13× 10−2 6.56× 10−2 ± 1.27× 10−2 −8.98× 10−3 ± 1.07× 10−2 3.51× 10−2 ± 1.52× 10−2
15 0.75 None 1.02× 10−4 ± 3.60× 10−6 2.38× 10−5 ± 2.04× 10−6 −3.00× 10−2 ± 1.43× 10−3 3.38× 10−3 ± 2.00× 10−3 1.65× 10−5 ± 6.64× 10−7 1.33× 10−6 ± 1.51× 10−7 −3.30× 10−2 ± 2.48× 10−3 5.15× 10−3 ± 3.32× 10−3 −5.95× 10−6 ± 1.19× 10−5 −4.51× 10−5 ± 1.49× 10−5 6.26× 10−7 ± 3.44× 10−8 4.67× 10−8 ± 6.40× 10−9 - - 3.95 ± 3.78× 10−1 2.13× 10−1 ± 7.53× 10−2 - - - - −2.81× 10−2 ± 2.99× 10−3 6.29× 10−3 ± 3.92× 10−3
15 0.75 0 - - - - - - −1.27× 10−2 ± 2.80× 10−3 1.85× 10−2 ± 3.65× 10−3 2.16× 10−5 ± 1.36× 10−5 −5.00× 10−5 ± 1.72× 10−5 3.80× 10−6 ± 2.62× 10−7 2.70× 10−7 ± 4.73× 10−8 3.64× 10−1 ± 2.65× 10−2 5.67× 10−2 ± 1.89× 10−2 1.58 ± 1.28× 10−1 1.21× 10−1 ± 3.22× 10−2 4.00× 10−2 ± 7.56× 10−3 1.01× 10−3 ± 9.46× 10−4 5.40× 10−2 ± 5.78× 10−3 1.04× 10−1 ± 9.14× 10−3 −1.73× 10−2 ± 3.15× 10−3 1.34× 10−2 ± 4.08× 10−3
15 0.75 1 - - - - - - −1.20× 10−2 ± 4.48× 10−3 2.52× 10−2 ± 5.60× 10−3 3.98× 10−5 ± 2.08× 10−5 −5.23× 10−5 ± 2.25× 10−5 9.57× 10−6 ± 8.12× 10−7 5.27× 10−7 ± 1.38× 10−7 1.24 ± 7.37× 10−2 2.68× 10−1 ± 1.17× 10−1 6.19× 10−1 ± 5.53× 10−2 4.61× 10−2 ± 1.13× 10−2 6.11× 10−1 ± 3.76× 10−2 1.19× 10−1 ± 5.93× 10−2 7.06× 10−2 ± 6.49× 10−3 9.25× 10−2 ± 8.66× 10−3 −1.23× 10−2 ± 4.93× 10−3 1.97× 10−2 ± 6.16× 10−3
15 0.75 2 - - - - - - −1.31× 10−2 ± 7.47× 10−3 2.72× 10−2 ± 9.74× 10−3 1.74× 10−5 ± 3.65× 10−5 −1.01× 10−5 ± 3.14× 10−5 1.52× 10−5 ± 2.36× 10−6 8.15× 10−7 ± 3.11× 10−7 8.01× 10−1 ± 1.27× 10−1 2.09× 10−1 ± 9.27× 10−2 1.45× 10−1 ± 3.51× 10−2 5.95× 10−3 ± 2.85× 10−3 3.95× 10−1 ± 6.32× 10−2 8.86× 10−2 ± 4.48× 10−2 3.64× 10−2 ± 8.60× 10−3 5.79× 10−2 ± 9.67× 10−3 −1.52× 10−2 ± 8.01× 10−3 2.42× 10−2 ± 1.06× 10−2
15 0.90 None 1.02× 10−4 ± 2.52× 10−6 2.39× 10−5 ± 1.44× 10−6 −2.98× 10−2 ± 1.00× 10−3 3.75× 10−3 ± 1.40× 10−3 1.65× 10−5 ± 4.66× 10−7 1.33× 10−6 ± 1.07× 10−7 −3.28× 10−2 ± 1.75× 10−3 5.34× 10−3 ± 2.30× 10−3 2.58× 10−8 ± 8.34× 10−6 −4.18× 10−5 ± 1.06× 10−5 6.41× 10−7 ± 2.45× 10−8 4.68× 10−8 ± 4.53× 10−9 - - 3.97 ± 2.65× 10−1 2.34× 10−1 ± 5.44× 10−2 - - - - −2.80× 10−2 ± 2.12× 10−3 6.16× 10−3 ± 2.72× 10−3
15 0.90 0 - - - - - - −1.25× 10−2 ± 1.96× 10−3 1.80× 10−2 ± 2.53× 10−3 2.83× 10−5 ± 9.51× 10−6 −4.76× 10−5 ± 1.22× 10−5 3.87× 10−6 ± 1.89× 10−7 2.34× 10−7 ± 3.02× 10−8 3.53× 10−1 ± 1.84× 10−2 5.69× 10−2 ± 1.35× 10−2 1.60 ± 9.04× 10−2 1.50× 10−1 ± 2.67× 10−2 3.46× 10−2 ± 4.94× 10−3 1.41× 10−4 ± 3.75× 10−4 5.32× 10−2 ± 4.17× 10−3 1.08× 10−1 ± 6.66× 10−3 −1.69× 10−2 ± 2.23× 10−3 1.31× 10−2 ± 2.82× 10−3
15 0.90 1 - - - - - - −1.17× 10−2 ± 3.22× 10−3 2.46× 10−2 ± 3.90× 10−3 4.18× 10−5 ± 1.46× 10−5 −5.30× 10−5 ± 1.60× 10−5 9.94× 10−6 ± 6.07× 10−7 5.59× 10−7 ± 1.01× 10−7 1.24 ± 5.22× 10−2 3.12× 10−1 ± 8.43× 10−2 6.29× 10−1 ± 3.86× 10−2 5.09× 10−2 ± 8.52× 10−3 6.09× 10−1 ± 2.65× 10−2 1.38× 10−1 ± 4.27× 10−2 7.15× 10−2 ± 4.57× 10−3 9.62× 10−2 ± 6.24× 10−3 −1.28× 10−2 ± 3.52× 10−3 1.94× 10−2 ± 4.30× 10−3
15 0.90 2 - - - - - - −8.78× 10−3 ± 5.40× 10−3 2.67× 10−2 ± 7.06× 10−3 1.82× 10−5 ± 2.70× 10−5 −1.83× 10−5 ± 2.30× 10−5 1.54× 10−5 ± 1.86× 10−6 9.35× 10−7 ± 2.28× 10−7 7.93× 10−1 ± 8.87× 10−2 2.08× 10−1 ± 6.56× 10−2 1.51× 10−1 ± 2.60× 10−2 6.29× 10−3 ± 2.21× 10−3 3.90× 10−1 ± 4.42× 10−2 8.80× 10−2 ± 3.20× 10−2 3.43× 10−2 ± 6.20× 10−3 6.41× 10−2 ± 6.97× 10−3 −1.17× 10−2 ± 5.74× 10−3 2.47× 10−2 ± 7.64× 10−3
20 0 None 1.08× 10−4 ± 7.62× 10−6 2.74× 10−5 ± 4.38× 10−6 −2.86× 10−2 ± 3.07× 10−3 3.59× 10−3 ± 3.89× 10−3 1.68× 10−5 ± 1.30× 10−6 1.56× 10−6 ± 3.26× 10−7 −3.27× 10−2 ± 5.35× 10−3 8.70× 10−3 ± 7.78× 10−3 −1.37× 10−5 ± 2.77× 10−5 −4.37× 10−5 ± 3.02× 10−5 4.95× 10−7 ± 5.42× 10−8 3.69× 10−8 ± 1.02× 10−8 - - 3.24 ± 6.08× 10−1 2.77× 10−1 ± 1.28× 10−1 - - - - −2.70× 10−2 ± 6.18× 10−3 8.80× 10−3 ± 8.87× 10−3
20 0 0 - - - - - - −8.40× 10−3 ± 6.21× 10−3 2.24× 10−2 ± 8.12× 10−3 1.87× 10−5 ± 3.18× 10−5 −4.20× 10−5 ± 3.54× 10−5 4.03× 10−6 ± 6.09× 10−7 2.26× 10−7 ± 8.09× 10−8 6.54× 10−1 ± 9.07× 10−2 6.81× 10−2 ± 3.21× 10−2 1.07 ± 1.66× 10−1 1.43× 10−1 ± 5.54× 10−2 2.33× 10−1 ± 4.32× 10−2 2.71× 10−3 ± 3.56× 10−3 6.73× 10−2 ± 1.44× 10−2 1.10× 10−1 ± 1.89× 10−2 −1.39× 10−2 ± 6.85× 10−3 1.57× 10−2 ± 9.04× 10−3
20 0 1 - - - - - - −8.35× 10−3 ± 1.00× 10−2 2.89× 10−2 ± 1.27× 10−2 4.54× 10−5 ± 4.71× 10−5 −5.21× 10−5 ± 3.97× 10−5 7.27× 10−6 ± 1.28× 10−6 5.54× 10−7 ± 2.35× 10−7 1.35 ± 1.64× 10−1 4.24× 10−1 ± 2.85× 10−1 4.44× 10−1 ± 8.30× 10−2 4.26× 10−2 ± 1.75× 10−2 6.57× 10−1 ± 8.25× 10−2 1.84× 10−1 ± 1.44× 10−1 8.02× 10−2 ± 1.33× 10−2 8.69× 10−2 ± 1.64× 10−2 −1.26× 10−2 ± 1.10× 10−2 2.24× 10−2 ± 1.36× 10−2
20 0 2 - - - - - - −1.34× 10−2 ± 1.57× 10−2 3.96× 10−2 ± 1.97× 10−2 7.10× 10−5 ± 9.10× 10−5 3.71× 10−5 ± 4.51× 10−5 1.20× 10−5 ± 4.71× 10−6 1.17× 10−6 ± 5.11× 10−7 6.39× 10−1 ± 2.20× 10−1 7.26× 10−2 ± 1.74× 10−1 9.78× 10−2 ± 4.94× 10−2 3.54× 10−3 ± 3.61× 10−3 3.12× 10−1 ± 1.11× 10−1 4.75× 10−3 ± 7.96× 10−2 3.49× 10−2 ± 1.77× 10−2 9.42× 10−2 ± 1.98× 10−2 −1.32× 10−2 ± 1.74× 10−2 3.80× 10−2 ± 2.04× 10−2
20 0.10 None 1.05× 10−4 ± 7.57× 10−6 2.34× 10−5 ± 3.97× 10−6 −2.80× 10−2 ± 2.77× 10−3 3.14× 10−3 ± 3.71× 10−3 1.69× 10−5 ± 1.35× 10−6 1.31× 10−6 ± 2.97× 10−7 −3.05× 10−2 ± 4.62× 10−3 6.90× 10−3 ± 6.71× 10−3 3.43× 10−7 ± 2.45× 10−5 −6.20× 10−5 ± 2.87× 10−5 4.05× 10−7 ± 4.89× 10−8 3.18× 10−8 ± 9.62× 10−9 - - 2.58 ± 4.18× 10−1 6.44× 10−2 ± 9.89× 10−2 - - - - −2.71× 10−2 ± 5.92× 10−3 9.36× 10−3 ± 7.43× 10−3
20 0.10 0 - - - - - - −1.15× 10−2 ± 5.85× 10−3 2.32× 10−2 ± 7.05× 10−3 2.62× 10−5 ± 2.89× 10−5 −7.39× 10−5 ± 3.33× 10−5 3.19× 10−6 ± 4.72× 10−7 1.81× 10−7 ± 8.05× 10−8 6.57× 10−1 ± 8.10× 10−2 8.60× 10−2 ± 3.75× 10−2 8.80× 10−1 ± 1.29× 10−1 4.64× 10−2 ± 4.07× 10−2 2.25× 10−1 ± 3.77× 10−2 3.45× 10−3 ± 3.43× 10−3 5.68× 10−2 ± 1.24× 10−2 1.20× 10−1 ± 1.83× 10−2 −1.75× 10−2 ± 6.77× 10−3 1.77× 10−2 ± 7.86× 10−3
20 0.10 1 - - - - - - −1.05× 10−2 ± 9.71× 10−3 3.00× 10−2 ± 1.01× 10−2 3.38× 10−5 ± 4.37× 10−5 −4.92× 10−5 ± 4.35× 10−5 6.54× 10−6 ± 1.10× 10−6 3.88× 10−7 ± 2.44× 10−7 1.39 ± 1.50× 10−1 4.69× 10−1 ± 2.35× 10−1 3.74× 10−1 ± 6.56× 10−2 1.91× 10−2 ± 1.37× 10−2 6.76× 10−1 ± 7.56× 10−2 2.21× 10−1 ± 1.19× 10−1 7.21× 10−2 ± 1.32× 10−2 9.64× 10−2 ± 1.76× 10−2 −1.30× 10−2 ± 1.09× 10−2 2.26× 10−2 ± 1.14× 10−2
20 0.10 2 - - - - - - −6.76× 10−3 ± 1.48× 10−2 2.49× 10−2 ± 1.75× 10−2 8.63× 10−6 ± 7.90× 10−5 1.63× 10−5 ± 5.92× 10−5 1.25× 10−5 ± 3.67× 10−6 4.40× 10−7 ± 4.86× 10−7 1.05 ± 1.86× 10−1 2.75× 10−1 ± 2.05× 10−1 6.98× 10−2 ± 3.61× 10−2 3.05× 10−3 ± 3.13× 10−3 5.45× 10−1 ± 9.44× 10−2 1.27× 10−1 ± 1.04× 10−1 6.55× 10−2 ± 1.80× 10−2 8.17× 10−2 ± 1.91× 10−2 −4.29× 10−3 ± 1.62× 10−2 1.42× 10−2 ± 1.93× 10−2
20 0.25 None 1.05× 10−4 ± 6.57× 10−6 2.57× 10−5 ± 3.76× 10−6 −2.94× 10−2 ± 2.57× 10−3 4.53× 10−3 ± 3.46× 10−3 1.67× 10−5 ± 1.18× 10−6 1.43× 10−6 ± 2.80× 10−7 −3.15× 10−2 ± 4.45× 10−3 6.95× 10−3 ± 6.24× 10−3 −7.25× 10−6 ± 2.18× 10−5 −4.65× 10−5 ± 2.68× 10−5 4.41× 10−7 ± 4.32× 10−8 3.58× 10−8 ± 9.05× 10−9 - - 3.14 ± 5.05× 10−1 1.07× 10−1 ± 9.74× 10−2 - - - - −2.68× 10−2 ± 5.38× 10−3 7.10× 10−3 ± 7.10× 10−3
20 0.25 0 - - - - - - −1.01× 10−2 ± 5.29× 10−3 1.77× 10−2 ± 6.54× 10−3 2.90× 10−5 ± 2.64× 10−5 −5.42× 10−5 ± 3.13× 10−5 3.30× 10−6 ± 4.13× 10−7 2.14× 10−7 ± 7.43× 10−8 5.92× 10−1 ± 7.14× 10−2 6.77× 10−2 ± 3.36× 10−2 1.06 ± 1.36× 10−1 6.49× 10−2 ± 3.96× 10−2 2.08× 10−1 ± 3.45× 10−2 1.23× 10−3 ± 1.49× 10−3 6.56× 10−2 ± 1.18× 10−2 1.03× 10−1 ± 1.72× 10−2 −1.60× 10−2 ± 5.84× 10−3 1.28× 10−2 ± 7.14× 10−3
20 0.25 1 - - - - - - −8.17× 10−3 ± 7.99× 10−3 2.66× 10−2 ± 9.27× 10−3 3.38× 10−5 ± 3.87× 10−5 −4.33× 10−5 ± 3.88× 10−5 7.08× 10−6 ± 1.07× 10−6 3.55× 10−7 ± 2.15× 10−7 1.42 ± 1.37× 10−1 4.78× 10−1 ± 2.28× 10−1 4.58× 10−1 ± 6.62× 10−2 3.63× 10−2 ± 1.55× 10−2 7.00× 10−1 ± 6.97× 10−2 1.97× 10−1 ± 1.14× 10−1 8.36× 10−2 ± 1.25× 10−2 1.03× 10−1 ± 1.58× 10−2 −9.52× 10−3 ± 8.81× 10−3 2.06× 10−2 ± 1.04× 10−2
20 0.25 2 - - - - - - −1.03× 10−2 ± 1.24× 10−2 2.23× 10−2 ± 1.69× 10−2 −1.11× 10−5 ± 7.29× 10−5 −9.60× 10−6 ± 5.04× 10−5 1.16× 10−5 ± 3.38× 10−6 3.35× 10−7 ± 4.88× 10−7 8.26× 10−1 ± 2.02× 10−1 1.59× 10−1 ± 1.83× 10−1 1.03× 10−1 ± 4.18× 10−2 5.94× 10−3 ± 4.58× 10−3 4.14× 10−1 ± 1.03× 10−1 6.71× 10−2 ± 8.36× 10−2 4.04× 10−2 ± 1.50× 10−2 6.57× 10−2 ± 1.99× 10−2 −1.26× 10−2 ± 1.31× 10−2 2.22× 10−2 ± 1.79× 10−2
20 0.50 None 1.04× 10−4 ± 5.41× 10−6 2.47× 10−5 ± 3.02× 10−6 −3.01× 10−2 ± 2.05× 10−3 2.96× 10−3 ± 2.86× 10−3 1.64× 10−5 ± 9.86× 10−7 1.42× 10−6 ± 2.25× 10−7 −3.23× 10−2 ± 3.82× 10−3 7.45× 10−3 ± 5.16× 10−3 1.59× 10−6 ± 1.85× 10−5 −4.37× 10−5 ± 2.25× 10−5 4.69× 10−7 ± 3.97× 10−8 3.49× 10−8 ± 7.23× 10−9 - - 2.98 ± 3.92× 10−1 2.08× 10−1 ± 8.87× 10−2 - - - - −2.73× 10−2 ± 4.54× 10−3 7.71× 10−3 ± 5.95× 10−3
20 0.50 0 - - - - - - −1.01× 10−2 ± 4.54× 10−3 1.90× 10−2 ± 5.45× 10−3 3.12× 10−5 ± 2.16× 10−5 −5.65× 10−5 ± 2.65× 10−5 3.93× 10−6 ± 4.15× 10−7 2.00× 10−7 ± 5.51× 10−8 6.09× 10−1 ± 6.07× 10−2 6.32× 10−2 ± 2.46× 10−2 1.02 ± 1.14× 10−1 1.18× 10−1 ± 3.95× 10−2 2.03× 10−1 ± 2.84× 10−2 1.75× 10−3 ± 1.96× 10−3 6.07× 10−2 ± 9.96× 10−3 1.11× 10−1 ± 1.39× 10−2 −1.57× 10−2 ± 5.05× 10−3 1.42× 10−2 ± 6.16× 10−3
20 0.50 1 - - - - - - −1.17× 10−2 ± 7.17× 10−3 2.74× 10−2 ± 8.37× 10−3 5.27× 10−5 ± 3.25× 10−5 −5.88× 10−5 ± 3.28× 10−5 7.54× 10−6 ± 8.91× 10−7 4.84× 10−7 ± 1.66× 10−7 1.28 ± 1.20× 10−1 4.64× 10−1 ± 1.85× 10−1 4.39× 10−1 ± 5.60× 10−2 4.00× 10−2 ± 1.31× 10−2 6.20× 10−1 ± 6.10× 10−2 2.11× 10−1 ± 9.15× 10−2 7.14× 10−2 ± 9.97× 10−3 9.40× 10−2 ± 1.32× 10−2 −1.28× 10−2 ± 7.78× 10−3 2.22× 10−2 ± 9.14× 10−3
20 0.50 2 - - - - - - −7.30× 10−3 ± 1.12× 10−2 2.88× 10−2 ± 1.52× 10−2 −8.81× 10−6 ± 5.94× 10−5 −1.56× 10−5 ± 4.52× 10−5 1.20× 10−5 ± 2.77× 10−6 9.31× 10−7 ± 3.81× 10−7 8.91× 10−1 ± 1.84× 10−1 1.39× 10−1 ± 1.45× 10−1 1.12× 10−1 ± 3.46× 10−2 4.18× 10−3 ± 2.89× 10−3 4.42× 10−1 ± 9.22× 10−2 4.55× 10−2 ± 6.49× 10−2 4.12× 10−2 ± 1.31× 10−2 7.41× 10−2 ± 1.57× 10−2 −9.79× 10−3 ± 1.19× 10−2 2.34× 10−2 ± 1.63× 10−2
20 0.75 None 1.03× 10−4 ± 3.73× 10−6 2.39× 10−5 ± 2.11× 10−6 −2.94× 10−2 ± 1.47× 10−3 3.57× 10−3 ± 2.00× 10−3 1.65× 10−5 ± 6.85× 10−7 1.36× 10−6 ± 1.58× 10−7 −3.25× 10−2 ± 2.65× 10−3 6.39× 10−3 ± 3.64× 10−3 4.38× 10−6 ± 1.28× 10−5 −4.11× 10−5 ± 1.61× 10−5 4.73× 10−7 ± 2.74× 10−8 3.53× 10−8 ± 5.18× 10−9 - - 3.14 ± 3.06× 10−1 1.68× 10−1 ± 6.13× 10−2 - - - - −2.75× 10−2 ± 3.19× 10−3 5.52× 10−3 ± 4.17× 10−3
20 0.75 0 - - - - - - −9.94× 10−3 ± 3.17× 10−3 1.74× 10−2 ± 3.84× 10−3 3.25× 10−5 ± 1.48× 10−5 −4.91× 10−5 ± 1.87× 10−5 3.57× 10−6 ± 2.67× 10−7 2.00× 10−7 ± 4.03× 10−8 5.59× 10−1 ± 4.12× 10−2 6.01× 10−2 ± 2.12× 10−2 1.08 ± 8.71× 10−2 9.83× 10−2 ± 2.69× 10−2 1.73× 10−1 ± 1.91× 10−2 8.77× 10−4 ± 8.07× 10−4 6.09× 10−2 ± 6.81× 10−3 1.11× 10−1 ± 9.70× 10−3 −1.55× 10−2 ± 3.53× 10−3 1.29× 10−2 ± 4.32× 10−3
20 0.75 1 - - - - - - −1.14× 10−2 ± 4.88× 10−3 2.38× 10−2 ± 5.84× 10−3 5.37× 10−5 ± 2.20× 10−5 −4.79× 10−5 ± 2.38× 10−5 7.17× 10−6 ± 6.49× 10−7 4.38× 10−7 ± 1.24× 10−7 1.37 ± 8.14× 10−2 3.34× 10−1 ± 1.38× 10−1 4.68× 10−1 ± 4.25× 10−2 3.70× 10−2 ± 9.36× 10−3 6.74× 10−1 ± 4.15× 10−2 1.42× 10−1 ± 7.01× 10−2 7.21× 10−2 ± 7.16× 10−3 9.30× 10−2 ± 9.37× 10−3 −1.16× 10−2 ± 5.31× 10−3 1.76× 10−2 ± 6.40× 10−3
20 0.75 2 - - - - - - −6.69× 10−3 ± 7.83× 10−3 1.88× 10−2 ± 1.04× 10−2 2.78× 10−5 ± 4.17× 10−5 7.27× 10−6 ± 3.34× 10−5 1.08× 10−5 ± 1.94× 10−6 7.96× 10−7 ± 2.87× 10−7 9.03× 10−1 ± 1.20× 10−1 1.94× 10−1 ± 1.05× 10−1 1.13× 10−1 ± 2.58× 10−2 6.23× 10−3 ± 2.69× 10−3 4.47× 10−1 ± 6.03× 10−2 8.28× 10−2 ± 5.07× 10−2 3.96× 10−2 ± 8.81× 10−3 6.24× 10−2 ± 1.09× 10−2 −9.22× 10−3 ± 8.31× 10−3 1.44× 10−2 ± 1.11× 10−2
20 0.90 None 1.03× 10−4 ± 2.37× 10−6 2.39× 10−5 ± 1.33× 10−6 −2.97× 10−2 ± 9.11× 10−4 3.57× 10−3 ± 1.26× 10−3 1.64× 10−5 ± 4.36× 10−7 1.36× 10−6 ± 9.95× 10−8 −3.24× 10−2 ± 1.71× 10−3 5.66× 10−3 ± 2.27× 10−3 7.01× 10−6 ± 8.08× 10−6 −3.85× 10−5 ± 9.99× 10−6 4.73× 10−7 ± 1.79× 10−8 3.46× 10−8 ± 3.25× 10−9 - - 2.96 ± 1.83× 10−1 1.77× 10−1 ± 3.95× 10−2 - - - - −2.74× 10−2 ± 2.06× 10−3 6.01× 10−3 ± 2.62× 10−3
20 0.90 0 - - - - - - −1.11× 10−2 ± 1.98× 10−3 1.84× 10−2 ± 2.41× 10−3 3.47× 10−5 ± 9.20× 10−6 −4.40× 10−5 ± 1.16× 10−5 3.27× 10−6 ± 1.55× 10−7 1.92× 10−7 ± 2.48× 10−8 4.32× 10−1 ± 2.07× 10−2 5.81× 10−2 ± 1.27× 10−2 1.09 ± 5.72× 10−2 1.01× 10−1 ± 1.74× 10−2 7.21× 10−2 ± 7.20× 10−3 9.74× 10−4 ± 6.49× 10−4 5.23× 10−2 ± 4.20× 10−3 1.06× 10−1 ± 5.92× 10−3 −1.62× 10−2 ± 2.19× 10−3 1.30× 10−2 ± 2.71× 10−3
20 0.90 1 - - - - - - −1.13× 10−2 ± 3.05× 10−3 2.39× 10−2 ± 3.66× 10−3 5.48× 10−5 ± 1.37× 10−5 −4.29× 10−5 ± 1.50× 10−5 7.00× 10−6 ± 4.03× 10−7 4.27× 10−7 ± 7.63× 10−8 1.31 ± 5.14× 10−2 3.16× 10−1 ± 8.49× 10−2 4.59× 10−1 ± 2.66× 10−2 3.67× 10−2 ± 6.04× 10−3 6.39× 10−1 ± 2.61× 10−2 1.41× 10−1 ± 4.28× 10−2 7.20× 10−2 ± 4.46× 10−3 9.37× 10−2 ± 6.10× 10−3 −1.21× 10−2 ± 3.37× 10−3 1.80× 10−2 ± 4.02× 10−3
20 0.90 2 - - - - - - −5.55× 10−3 ± 4.89× 10−3 2.10× 10−2 ± 6.58× 10−3 2.23× 10−5 ± 2.57× 10−5 −5.62× 10−6 ± 2.23× 10−5 1.03× 10−5 ± 1.13× 10−6 7.85× 10−7 ± 1.74× 10−7 8.00× 10−1 ± 8.20× 10−2 1.55× 10−1 ± 6.98× 10−2 1.04× 10−1 ± 1.62× 10−2 6.07× 10−3 ± 1.73× 10−3 3.94× 10−1 ± 4.10× 10−2 6.48× 10−2 ± 3.42× 10−2 3.64× 10−2 ± 5.59× 10−3 6.36× 10−2 ± 6.83× 10−3 −7.46× 10−3 ± 5.22× 10−3 1.57× 10−2 ± 7.06× 10−3
25 0 None 1.07× 10−4 ± 7.99× 10−6 2.52× 10−5 ± 4.79× 10−6 −3.25× 10−2 ± 3.25× 10−3 7.68× 10−4 ± 4.20× 10−3 1.71× 10−5 ± 1.39× 10−6 1.36× 10−6 ± 3.51× 10−7 −2.77× 10−2 ± 5.71× 10−3 1.57× 10−3 ± 8.87× 10−3 8.84× 10−6 ± 2.76× 10−5 −4.02× 10−5 ± 3.64× 10−5 4.17× 10−7 ± 4.80× 10−8 2.89× 10−8 ± 8.54× 10−9 - - 2.41 ± 6.21× 10−1 1.90× 10−1 ± 1.02× 10−1 - - - - −2.47× 10−2 ± 7.40× 10−3 −2.22× 10−4 ± 9.19× 10−3
25 0 0 - - - - - - −7.85× 10−3 ± 6.98× 10−3 1.73× 10−2 ± 9.17× 10−3 4.05× 10−5 ± 3.35× 10−5 −4.48× 10−5 ± 4.41× 10−5 2.61× 10−6 ± 4.25× 10−7 1.68× 10−7 ± 6.46× 10−8 5.22× 10−1 ± 7.76× 10−2 8.40× 10−2 ± 4.31× 10−2 7.80× 10−1 ± 1.61× 10−1 9.20× 10−2 ± 4.21× 10−2 1.07× 10−1 ± 2.76× 10−2 1.53× 10−3 ± 3.35× 10−3 6.47× 10−2 ± 1.45× 10−2 1.41× 10−1 ± 1.95× 10−2 −1.39× 10−2 ± 8.30× 10−3 5.81× 10−3 ± 9.43× 10−3
25 0 1 - - - - - - −1.12× 10−2 ± 1.17× 10−2 1.93× 10−2 ± 1.34× 10−2 8.36× 10−5 ± 4.75× 10−5 −6.04× 10−5 ± 5.56× 10−5 5.29× 10−6 ± 1.15× 10−6 3.94× 10−7 ± 1.93× 10−7 1.27 ± 1.54× 10−1 4.13× 10−1 ± 2.64× 10−1 3.72× 10−1 ± 7.89× 10−2 3.39× 10−2 ± 1.70× 10−2 6.19× 10−1 ± 7.73× 10−2 1.98× 10−1 ± 1.39× 10−1 7.09× 10−2 ± 1.57× 10−2 8.02× 10−2 ± 2.18× 10−2 −1.01× 10−2 ± 1.31× 10−2 1.34× 10−2 ± 1.48× 10−2
25 0 2 - - - - - - −1.69× 10−2 ± 1.63× 10−2 1.03× 10−2 ± 2.03× 10−2 −5.19× 10−4 ± 4.46× 10−5 2.34× 10−5 ± 5.94× 10−5 5.39× 10−6 ± 3.98× 10−6 7.70× 10−7 ± 4.56× 10−7 8.97× 10−1 ± 2.61× 10−1 1.09× 10−1 ± 2.22× 10−1 8.32× 10−2 ± 4.37× 10−2 3.65× 10−3 ± 3.23× 10−3 4.39× 10−1 ± 1.31× 10−1 −9.96× 10−3 ± 9.93× 10−2 4.25× 10−2 ± 1.77× 10−2 7.04× 10−2 ± 1.65× 10−2 −1.80× 10−2 ± 1.86× 10−2 6.18× 10−4 ± 2.06× 10−2
25 0.10 None 1.03× 10−4 ± 7.94× 10−6 2.61× 10−5 ± 4.23× 10−6 −3.05× 10−2 ± 2.99× 10−3 4.59× 10−3 ± 4.16× 10−3 1.60× 10−5 ± 1.41× 10−6 1.49× 10−6 ± 3.20× 10−7 −3.74× 10−2 ± 5.80× 10−3 2.66× 10−3 ± 8.12× 10−3 −9.90× 10−6 ± 2.81× 10−5 −4.57× 10−5 ± 3.40× 10−5 3.86× 10−7 ± 4.88× 10−8 2.97× 10−8 ± 8.64× 10−9 - - 2.46 ± 4.54× 10−1 1.88× 10−1 ± 1.05× 10−1 - - - - −3.34× 10−2 ± 6.90× 10−3 8.19× 10−4 ± 9.08× 10−3
25 0.10 0 - - - - - - −1.24× 10−2 ± 7.16× 10−3 1.51× 10−2 ± 8.34× 10−3 2.31× 10−5 ± 3.40× 10−5 −5.69× 10−5 ± 3.90× 10−5 3.21× 10−6 ± 4.97× 10−7 1.58× 10−7 ± 6.45× 10−8 5.39× 10−1 ± 7.90× 10−2 7.81× 10−2 ± 3.74× 10−2 7.82× 10−1 ± 1.22× 10−1 8.59× 10−2 ± 3.86× 10−2 - - 6.84× 10−2 ± 1.49× 10−2 9.06× 10−2 ± 1.76× 10−2 −1.96× 10−2 ± 7.99× 10−3 6.99× 10−3 ± 9.55× 10−3
25 0.10 1 - - - - - - −1.44× 10−2 ± 1.03× 10−2 1.55× 10−2 ± 1.24× 10−2 4.04× 10−5 ± 4.66× 10−5 −4.79× 10−5 ± 4.06× 10−5 6.70× 10−6 ± 1.13× 10−6 4.45× 10−7 ± 1.98× 10−7 1.45 ± 2.00× 10−1 3.33× 10−1 ± 2.68× 10−1 3.36× 10−1 ± 6.05× 10−2 2.47× 10−2 ± 1.24× 10−2 7.14× 10−1 ± 9.99× 10−2 1.40× 10−1 ± 1.38× 10−1 6.24× 10−2 ± 1.47× 10−2 9.56× 10−2 ± 1.89× 10−2 −1.48× 10−2 ± 1.15× 10−2 6.27× 10−3 ± 1.36× 10−2
25 0.10 2 - - - - - - −2.10× 10−2 ± 1.51× 10−2 1.92× 10−2 ± 2.25× 10−2 3.10× 10−5 ± 7.57× 10−5 1.51× 10−5 ± 5.35× 10−5 8.94× 10−6 ± 3.05× 10−6 9.01× 10−7 ± 5.77× 10−7 3.95× 10−1 ± 2.48× 10−1 1.65× 10−1 ± 2.33× 10−1 6.86× 10−2 ± 3.48× 10−2 3.27× 10−3 ± 2.83× 10−3 2.45× 10−1 ± 1.25× 10−1 4.92× 10−2 ± 1.06× 10−1 3.77× 10−2 ± 1.94× 10−2 1.19× 10−1 ± 2.17× 10−2 −3.06× 10−2 ± 1.68× 10−2 1.57× 10−2 ± 2.47× 10−2
25 0.25 None 1.00× 10−4 ± 6.95× 10−6 2.54× 10−5 ± 3.85× 10−6 −2.93× 10−2 ± 2.76× 10−3 2.66× 10−3 ± 3.58× 10−3 1.53× 10−5 ± 1.23× 10−6 1.50× 10−6 ± 2.92× 10−7 −3.25× 10−2 ± 5.48× 10−3 2.38× 10−3 ± 7.30× 10−3 1.77× 10−5 ± 2.71× 10−5 −3.35× 10−5 ± 3.03× 10−5 3.84× 10−7 ± 3.66× 10−8 3.02× 10−8 ± 7.73× 10−9 - - 2.53 ± 5.31× 10−1 2.20× 10−1 ± 9.95× 10−2 - - - - −2.71× 10−2 ± 6.61× 10−3 5.48× 10−3 ± 8.32× 10−3
25 0.25 0 - - - - - - −1.02× 10−2 ± 6.59× 10−3 1.39× 10−2 ± 7.63× 10−3 4.31× 10−5 ± 3.10× 10−5 −2.90× 10−5 ± 3.54× 10−5 2.67× 10−6 ± 3.83× 10−7 1.49× 10−7 ± 6.04× 10−8 4.51× 10−1 ± 5.91× 10−2 6.54× 10−2 ± 4.27× 10−2 8.30× 10−1 ± 1.25× 10−1 1.12× 10−1 ± 4.28× 10−2 7.14× 10−2 ± 1.98× 10−2 4.63× 10−4 ± 7.09× 10−4 6.96× 10−2 ± 1.35× 10−2 1.15× 10−1 ± 1.63× 10−2 −1.53× 10−2 ± 7.24× 10−3 9.48× 10−3 ± 8.48× 10−3
25 0.25 1 - - - - - - −1.37× 10−2 ± 9.44× 10−3 1.95× 10−2 ± 1.08× 10−2 6.51× 10−5 ± 4.42× 10−5 −4.49× 10−5 ± 4.63× 10−5 4.98× 10−6 ± 9.93× 10−7 4.29× 10−7 ± 1.90× 10−7 1.37 ± 1.54× 10−1 4.41× 10−1 ± 2.13× 10−1 3.46× 10−1 ± 5.74× 10−2 3.33× 10−2 ± 1.25× 10−2 6.71× 10−1 ± 7.96× 10−2 2.18× 10−1 ± 1.08× 10−1 8.04× 10−2 ± 1.33× 10−2 9.09× 10−2 ± 1.68× 10−2 −1.69× 10−2 ± 1.00× 10−2 1.22× 10−2 ± 1.14× 10−2
25 0.25 2 - - - - - - −1.38× 10−2 ± 1.37× 10−2 2.40× 10−2 ± 1.76× 10−2 1.98× 10−5 ± 7.11× 10−5 1.98× 10−5 ± 6.26× 10−5 5.23× 10−6 ± 2.57× 10−6 9.09× 10−7 ± 3.91× 10−7 7.98× 10−1 ± 2.26× 10−1 3.25× 10−1 ± 2.04× 10−1 7.41× 10−2 ± 3.54× 10−2 9.99× 10−3 ± 5.22× 10−3 3.88× 10−1 ± 1.13× 10−1 1.39× 10−1 ± 9.68× 10−2 3.67× 10−2 ± 1.68× 10−2 7.05× 10−2 ± 1.87× 10−2 −1.46× 10−2 ± 1.51× 10−2 2.08× 10−2 ± 1.98× 10−2
25 0.50 None 1.00× 10−4 ± 5.73× 10−6 2.46× 10−5 ± 3.27× 10−6 −2.92× 10−2 ± 2.19× 10−3 2.83× 10−3 ± 2.96× 10−3 1.58× 10−5 ± 1.01× 10−6 1.40× 10−6 ± 2.45× 10−7 −3.25× 10−2 ± 4.11× 10−3 4.85× 10−3 ± 5.76× 10−3 6.07× 10−6 ± 2.02× 10−5 −6.07× 10−5 ± 2.50× 10−5 3.68× 10−7 ± 3.50× 10−8 2.70× 10−8 ± 5.87× 10−9 - - 2.47 ± 3.98× 10−1 1.44× 10−1 ± 7.14× 10−2 - - - - −2.69× 10−2 ± 4.80× 10−3 5.72× 10−3 ± 6.55× 10−3
25 0.50 0 - - - - - - −9.02× 10−3 ± 4.80× 10−3 1.92× 10−2 ± 6.07× 10−3 3.37× 10−5 ± 2.31× 10−5 −6.43× 10−5 ± 2.92× 10−5 2.73× 10−6 ± 3.20× 10−7 1.42× 10−7 ± 4.42× 10−8 4.23× 10−1 ± 5.06× 10−2 7.35× 10−2 ± 3.30× 10−2 7.69× 10−1 ± 1.08× 10−1 1.00× 10−1 ± 3.38× 10−2 6.27× 10−2 ± 1.62× 10−2 9.01× 10−4 ± 2.85× 10−3 5.29× 10−2 ± 1.02× 10−2 1.06× 10−1 ± 1.48× 10−2 −1.41× 10−2 ± 5.11× 10−3 9.15× 10−3 ± 6.56× 10−3
25 0.50 1 - - - - - - −1.12× 10−2 ± 7.41× 10−3 2.04× 10−2 ± 8.94× 10−3 6.11× 10−5 ± 3.45× 10−5 −7.16× 10−5 ± 3.89× 10−5 5.82× 10−6 ± 7.77× 10−7 3.98× 10−7 ± 1.48× 10−7 1.26 ± 1.40× 10−1 3.66× 10−1 ± 1.89× 10−1 3.25× 10−1 ± 5.29× 10−2 2.71× 10−2 ± 1.07× 10−2 6.14× 10−1 ± 7.05× 10−2 1.76× 10−1 ± 9.59× 10−2 6.88× 10−2 ± 1.11× 10−2 8.86× 10−2 ± 1.56× 10−2 −1.17× 10−2 ± 8.11× 10−3 1.53× 10−2 ± 9.67× 10−3
25 0.50 2 - - - - - - −6.45× 10−3 ± 1.32× 10−2 1.53× 10−2 ± 1.63× 10−2 −1.68× 10−6 ± 5.65× 10−5 2.18× 10−5 ± 4.99× 10−5 6.20× 10−6 ± 2.38× 10−6 7.57× 10−7 ± 3.23× 10−7 1.06 ± 1.90× 10−1 2.54× 10−1 ± 1.94× 10−1 8.35× 10−2 ± 3.11× 10−2 5.56× 10−3 ± 3.08× 10−3 5.28× 10−1 ± 9.41× 10−2 1.14× 10−1 ± 9.51× 10−2 4.41× 10−2 ± 1.44× 10−2 5.69× 10−2 ± 1.70× 10−2 −3.17× 10−3 ± 1.41× 10−2 1.02× 10−2 ± 1.76× 10−2
25 0.75 None 1.04× 10−4 ± 4.34× 10−6 2.40× 10−5 ± 2.37× 10−6 −3.05× 10−2 ± 1.62× 10−3 3.08× 10−3 ± 2.19× 10−3 1.66× 10−5 ± 7.87× 10−7 1.39× 10−6 ± 1.79× 10−7 −3.25× 10−2 ± 3.14× 10−3 4.28× 10−3 ± 4.33× 10−3 1.01× 10−5 ± 1.47× 10−5 −4.34× 10−5 ± 1.79× 10−5 3.94× 10−7 ± 2.65× 10−8 2.80× 10−8 ± 4.72× 10−9 - - 2.33 ± 2.97× 10−1 1.51× 10−1 ± 5.61× 10−2 - - - - −2.74× 10−2 ± 3.69× 10−3 3.25× 10−3 ± 4.94× 10−3
25 0.75 0 - - - - - - −1.05× 10−2 ± 3.61× 10−3 1.66× 10−2 ± 4.52× 10−3 3.38× 10−5 ± 1.72× 10−5 −4.45× 10−5 ± 2.07× 10−5 2.66× 10−6 ± 2.35× 10−7 1.50× 10−7 ± 3.57× 10−8 4.01× 10−1 ± 3.77× 10−2 5.78× 10−2 ± 2.50× 10−2 8.16× 10−1 ± 8.62× 10−2 8.96× 10−2 ± 2.52× 10−2 6.43× 10−2 ± 1.32× 10−2 2.94× 10−4 ± 1.61× 10−3 5.90× 10−2 ± 7.92× 10−3 1.00× 10−1 ± 1.03× 10−2 −1.49× 10−2 ± 3.94× 10−3 1.05× 10−2 ± 5.08× 10−3
25 0.75 1 - - - - - - −1.26× 10−2 ± 5.52× 10−3 1.99× 10−2 ± 6.81× 10−3 4.56× 10−5 ± 2.61× 10−5 −4.66× 10−5 ± 2.81× 10−5 5.71× 10−6 ± 6.32× 10−7 3.78× 10−7 ± 1.15× 10−7 1.35 ± 9.75× 10−2 3.67× 10−1 ± 1.52× 10−1 3.45× 10−1 ± 4.11× 10−2 3.07× 10−2 ± 8.65× 10−3 6.63× 10−1 ± 4.92× 10−2 1.64× 10−1 ± 7.84× 10−2 6.91× 10−2 ± 8.41× 10−3 9.04× 10−2 ± 1.12× 10−2 −1.40× 10−2 ± 5.93× 10−3 1.30× 10−2 ± 7.61× 10−3
25 0.75 2 - - - - - - −7.80× 10−3 ± 9.68× 10−3 2.29× 10−2 ± 1.26× 10−2 9.62× 10−6 ± 4.64× 10−5 2.54× 10−5 ± 3.51× 10−5 8.35× 10−6 ± 1.71× 10−6 6.78× 10−7 ± 2.57× 10−7 8.56× 10−1 ± 1.38× 10−1 1.94× 10−1 ± 1.34× 10−1 7.55× 10−2 ± 2.19× 10−2 4.48× 10−3 ± 2.25× 10−3 4.22× 10−1 ± 6.95× 10−2 8.45× 10−2 ± 6.51× 10−2 4.59× 10−2 ± 1.05× 10−2 6.16× 10−2 ± 1.28× 10−2 −1.10× 10−2 ± 1.01× 10−2 1.94× 10−2 ± 1.37× 10−2
25 0.90 None 1.02× 10−4 ± 2.77× 10−6 2.37× 10−5 ± 1.53× 10−6 −3.00× 10−2 ± 1.05× 10−3 4.08× 10−3 ± 1.43× 10−3 1.62× 10−5 ± 5.04× 10−7 1.35× 10−6 ± 1.14× 10−7 −3.24× 10−2 ± 2.09× 10−3 4.93× 10−3 ± 2.81× 10−3 9.10× 10−6 ± 9.84× 10−6 −3.60× 10−5 ± 1.22× 10−5 3.75× 10−7 ± 1.72× 10−8 2.74× 10−8 ± 3.01× 10−9 - - 2.32 ± 1.83× 10−1 1.35× 10−1 ± 3.46× 10−2 - - - - −2.73× 10−2 ± 2.47× 10−3 5.57× 10−3 ± 3.27× 10−3
25 0.90 0 - - - - - - −1.07× 10−2 ± 2.41× 10−3 1.78× 10−2 ± 2.99× 10−3 3.49× 10−5 ± 1.13× 10−5 −4.15× 10−5 ± 1.41× 10−5 2.54× 10−6 ± 1.50× 10−7 1.41× 10−7 ± 2.23× 10−8 4.33× 10−1 ± 2.55× 10−2 6.42× 10−2 ± 1.55× 10−2 8.15× 10−1 ± 5.44× 10−2 7.74× 10−2 ± 1.54× 10−2 7.85× 10−2 ± 9.49× 10−3 1.57× 10−4 ± 1.39× 10−3 5.30× 10−2 ± 5.25× 10−3 1.05× 10−1 ± 7.14× 10−3 −1.57× 10−2 ± 2.60× 10−3 1.22× 10−2 ± 3.38× 10−3
25 0.90 1 - - - - - - −1.08× 10−2 ± 3.64× 10−3 2.16× 10−2 ± 4.37× 10−3 5.65× 10−5 ± 1.67× 10−5 −4.05× 10−5 ± 1.87× 10−5 5.51× 10−6 ± 3.85× 10−7 3.49× 10−7 ± 7.17× 10−8 1.30 ± 6.42× 10−2 3.06× 10−1 ± 9.94× 10−2 3.38× 10−1 ± 2.55× 10−2 2.90× 10−2 ± 5.31× 10−3 6.32× 10−1 ± 3.27× 10−2 1.36× 10−1 ± 5.09× 10−2 6.88× 10−2 ± 5.48× 10−3 8.74× 10−2 ± 7.42× 10−3 −1.27× 10−2 ± 4.07× 10−3 1.51× 10−2 ± 4.90× 10−3
25 0.90 2 - - - - - - −9.30× 10−3 ± 6.20× 10−3 1.84× 10−2 ± 7.85× 10−3 −2.63× 10−5 ± 2.90× 10−5 1.37× 10−5 ± 2.71× 10−5 7.39× 10−6 ± 1.07× 10−6 6.25× 10−7 ± 1.59× 10−7 8.43× 10−1 ± 9.53× 10−2 2.91× 10−1 ± 9.02× 10−2 6.78× 10−2 ± 1.37× 10−2 5.49× 10−3 ± 1.51× 10−3 4.11× 10−1 ± 4.78× 10−2 1.28× 10−1 ± 4.42× 10−2 4.43× 10−2 ± 6.84× 10−3 6.80× 10−2 ± 8.49× 10−3 −1.15× 10−2 ± 6.71× 10−3 1.35× 10−2 ± 8.51× 10−3
♠ - Parameter with informative potential about fatigue, considering the meta-analysis criterion for identifying tendencies (Section 3.2.3)
Green Text - Positive combined slope defining an increasing tendency for the population sample in study
Red Text - Negative combine slope defining a decreasing tendency for the population sample in study
Underlined Cell - The confidence interval only contain positive or negative values, so, by the meta-analysis criterion, we can assume that the estimate of the combined slope has enough precision to represent a tendency on the evolution of the parameter
Green Cell or Red Cell - Identify the best combination of window size and time-step (that minimizes the coefficient of variation)
A parameter is defined as a fatigue index if between the trial where fatigue is induced (Fatigue +) and the trial where fatigue decreases (Fatigue -) (i) the background color changes or (ii) the text is underlined in Fatigue + and is not underlined in Fatigue -.
Table C.5: ECG processing results (Time-Domain features) generated during the iterative application of the meta-analysis with different window sizes and time-steps for identifying which is the best combination to extract the feature and to evaluate the respective tendency. The values presented correspond to the combined slope, determined from the slopes of the regression line that best fits the evolution of each parameter for the different subjects inside the sample. The uncertainty is given by the half-length of the 95 % confidence interval.
Time Domain
Maximum RR ♠ Minimum RR ♠ Average RR ♠ SDNN ♠ rmsSD ♠ Triangular Index ♠ SD1 SD2 ♠ SD1 / SD2
Window Size (s) Overlap Fraction Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
30 0 −1.99× 10−1 ± 1.97× 10−2 8.88× 10−1 ± 8.24× 10−2 −1.74× 10−1 ± 1.23× 10−2 9.30× 10−1 ± 6.29× 10−2 −1.86× 10−1 ± 1.35× 10−2 8.50× 10−1 ± 5.34× 10−2 −8.53× 10−3 ± 2.81× 10−3 −1.16× 10−3 ± 1.98× 10−2 1.27× 10−3 ± 9.56× 10−4 3.85× 10−3 ± 3.55× 10−3 −1.18× 10−2 ± 3.18× 10−3 −8.89× 10−3 ± 1.75× 10−2 1.11× 10−3 ± 6.87× 10−4 2.39× 10−3 ± 2.40× 10−3 −1.41× 10−2 ± 4.14× 10−3 −6.00× 10−3 ± 2.86× 10−2 1.94× 10−3 ± 3.81× 10−4 1.26× 10−3 ± 5.18× 10−4
30 0.10 −1.95× 10−1 ± 1.87× 10−2 7.12× 10−1 ± 5.84× 10−2 −1.75× 10−1 ± 1.12× 10−2 8.34× 10−1 ± 6.17× 10−2 −1.85× 10−1 ± 1.29× 10−2 8.07× 10−1 ± 4.22× 10−2 −8.04× 10−3 ± 2.56× 10−3 1.88× 10−2 ± 1.24× 10−2 1.44× 10−3 ± 8.29× 10−4 1.01× 10−2 ± 2.87× 10−3 −1.07× 10−2 ± 2.75× 10−3 −8.96× 10−3 ± 1.51× 10−2 1.20× 10−3 ± 5.97× 10−4 6.98× 10−3 ± 1.99× 10−3 −1.33× 10−2 ± 3.79× 10−3 1.85× 10−2 ± 2.01× 10−2 1.66× 10−3 ± 3.13× 10−4 1.29× 10−3 ± 3.97× 10−4
30 0.25 −1.96× 10−1 ± 1.63× 10−2 8.72× 10−1 ± 6.22× 10−2 −1.72× 10−1 ± 1.08× 10−2 8.78× 10−1 ± 5.19× 10−2 −1.83× 10−1 ± 1.13× 10−2 8.16× 10−1 ± 4.18× 10−2 −8.36× 10−3 ± 2.35× 10−3 −2.23× 10−3 ± 1.33× 10−2 1.24× 10−3 ± 7.81× 10−4 4.23× 10−3 ± 2.79× 10−3 −1.21× 10−2 ± 3.03× 10−3 −7.24× 10−3 ± 1.50× 10−2 9.91× 10−4 ± 5.58× 10−4 2.91× 10−3 ± 1.94× 10−3 −1.39× 10−2 ± 3.47× 10−3 −5.98× 10−3 ± 1.92× 10−2 1.92× 10−3 ± 3.26× 10−4 1.06× 10−3 ± 3.68× 10−4
30 0.50 −1.90× 10−1 ± 1.27× 10−2 8.28× 10−1 ± 5.45× 10−2 −1.72× 10−1 ± 8.07× 10−3 8.65× 10−1 ± 4.55× 10−2 −1.80× 10−1 ± 8.68× 10−3 8.52× 10−1 ± 3.50× 10−2 −7.26× 10−3 ± 1.80× 10−3 8.91× 10−5 ± 1.31× 10−2 1.03× 10−3 ± 6.46× 10−4 4.05× 10−3 ± 2.33× 10−3 −9.91× 10−3 ± 2.21× 10−3 −8.37× 10−3 ± 1.30× 10−2 8.33× 10−4 ± 4.59× 10−4 2.82× 10−3 ± 1.62× 10−3 −1.24× 10−2 ± 2.65× 10−3 −4.59× 10−3 ± 1.90× 10−2 1.83× 10−3 ± 2.76× 10−4 1.40× 10−3 ± 3.71× 10−4
30 0.75 −1.86× 10−1 ± 8.54× 10−3 8.41× 10−1 ± 3.72× 10−2 −1.72× 10−1 ± 5.66× 10−3 8.20× 10−1 ± 2.98× 10−2 −1.78× 10−1 ± 5.96× 10−3 8.31× 10−1 ± 2.31× 10−2 −6.67× 10−3 ± 1.20× 10−3 5.36× 10−3 ± 8.80× 10−3 1.29× 10−3 ± 4.49× 10−4 4.26× 10−3 ± 1.63× 10−3 −9.51× 10−3 ± 1.62× 10−3 −5.35× 10−3 ± 9.06× 10−3 9.90× 10−4 ± 3.19× 10−4 3.07× 10−3 ± 1.14× 10−3 −1.16× 10−2 ± 1.77× 10−3 3.08× 10−3 ± 1.28× 10−2 1.77× 10−3 ± 1.79× 10−4 1.30× 10−3 ± 2.57× 10−4
30 0.90 −1.82× 10−1 ± 5.16× 10−3 8.48× 10−1 ± 2.39× 10−2 −1.71× 10−1 ± 3.46× 10−3 8.16× 10−1 ± 1.83× 10−2 −1.76× 10−1 ± 3.64× 10−3 8.37× 10−1 ± 1.43× 10−2 −6.09× 10−3 ± 7.12× 10−4 6.07× 10−3 ± 5.57× 10−3 1.33× 10−3 ± 2.87× 10−4 4.51× 10−3 ± 1.03× 10−3 −8.68× 10−3 ± 9.93× 10−4 −4.19× 10−3 ± 5.80× 10−3 1.03× 10−3 ± 2.04× 10−4 3.11× 10−3 ± 7.14× 10−4 −1.09× 10−2 ± 1.05× 10−3 4.16× 10−3 ± 8.10× 10−3 1.76× 10−3 ± 1.13× 10−4 1.26× 10−3 ± 1.58× 10−4
40 0 −2.11× 10−1 ± 2.45× 10−2 1.01 ± 6.32× 10−2 −1.81× 10−1 ± 1.30× 10−2 1.28 ± 3.97× 10−2 −1.88× 10−1 ± 1.64× 10−2 1.07 ± 3.01× 10−2 −1.07× 10−2 ± 3.38× 10−3 −4.43× 10−2 ± 1.62× 10−2 1.37× 10−3 ± 1.01× 10−3 3.40× 10−2 ± 1.04× 10−4 −1.43× 10−2 ± 3.66× 10−3 −6.38× 10−3 ± 2.71× 10−2 1.10× 10−3 ± 7.22× 10−4 2.37× 10−2 ± 4.64× 10−4 −1.71× 10−2 ± 5.03× 10−3 −7.97× 10−2 ± 2.11× 10−2 1.71× 10−3 ± 3.34× 10−4 1.43× 10−3 ± 3.07× 10−4
40 0.10 −2.11× 10−1 ± 2.32× 10−2 1.03 ± 6.36× 10−2 −1.83× 10−1 ± 1.43× 10−2 1.00 ± 6.59× 10−2 −1.87× 10−1 ± 1.52× 10−2 8.19× 10−1 ± 5.65× 10−2 −1.09× 10−2 ± 3.54× 10−3 −3.25× 10−2 ± 1.64× 10−2 1.92× 10−3 ± 8.91× 10−4 2.65× 10−3 ± 2.44× 10−3 −1.43× 10−2 ± 3.92× 10−3 −4.26× 10−3 ± 1.52× 10−2 1.43× 10−3 ± 6.29× 10−4 2.05× 10−3 ± 1.76× 10−3 −1.74× 10−2 ± 5.23× 10−3 −4.82× 10−2 ± 2.32× 10−2 1.59× 10−3 ± 3.21× 10−4 1.24× 10−3 ± 2.99× 10−4
40 0.25 −2.00× 10−1 ± 2.01× 10−2 9.38× 10−1 ± 4.31× 10−2 −1.76× 10−1 ± 1.23× 10−2 9.32× 10−1 ± 6.49× 10−2 −1.83× 10−1 ± 1.30× 10−2 8.49× 10−1 ± 4.52× 10−2 −9.53× 10−3 ± 3.16× 10−3 −1.88× 10−2 ± 2.05× 10−2 2.16× 10−4 ± 8.57× 10−4 1.73× 10−2 ± 1.98× 10−3 −1.25× 10−2 ± 3.42× 10−3 −2.40× 10−2 ± 1.62× 10−2 3.41× 10−4 ± 6.15× 10−4 1.40× 10−2 ± 1.29× 10−3 −1.57× 10−2 ± 4.64× 10−3 −3.16× 10−2 ± 2.97× 10−2 1.44× 10−3 ± 2.54× 10−4 1.28× 10−3 ± 3.67× 10−4
40 0.50 −1.94× 10−1 ± 1.53× 10−2 8.32× 10−1 ± 6.69× 10−2 −1.72× 10−1 ± 9.23× 10−3 9.11× 10−1 ± 4.79× 10−2 −1.79× 10−1 ± 1.01× 10−2 8.13× 10−1 ± 3.49× 10−2 −8.96× 10−3 ± 2.46× 10−3 −1.42× 10−2 ± 1.80× 10−2 1.79× 10−3 ± 7.03× 10−4 8.92× 10−3 ± 2.60× 10−3 −1.12× 10−2 ± 2.97× 10−3 −1.58× 10−2 ± 1.88× 10−2 1.31× 10−3 ± 4.98× 10−4 5.84× 10−3 ± 1.82× 10−3 −1.50× 10−2 ± 3.63× 10−3 −2.61× 10−2 ± 2.59× 10−2 1.59× 10−3 ± 2.42× 10−4 1.22× 10−3 ± 2.74× 10−4
40 0.75 −1.88× 10−1 ± 1.04× 10−2 8.28× 10−1 ± 4.60× 10−2 −1.67× 10−1 ± 6.28× 10−3 8.76× 10−1 ± 3.49× 10−2 −1.76× 10−1 ± 6.73× 10−3 8.40× 10−1 ± 2.54× 10−2 −8.11× 10−3 ± 1.60× 10−3 −8.53× 10−3 ± 1.18× 10−2 1.51× 10−3 ± 4.97× 10−4 6.21× 10−3 ± 1.67× 10−3 −1.09× 10−2 ± 2.08× 10−3 −1.94× 10−2 ± 1.17× 10−2 1.11× 10−3 ± 3.52× 10−4 4.23× 10−3 ± 1.16× 10−3 −1.39× 10−2 ± 2.36× 10−3 −1.79× 10−2 ± 1.72× 10−2 1.38× 10−3 ± 1.42× 10−4 1.27× 10−3 ± 2.61× 10−4
40 0.90 −1.84× 10−1 ± 6.17× 10−3 8.49× 10−1 ± 2.93× 10−2 −1.65× 10−1 ± 3.78× 10−3 8.55× 10−1 ± 2.13× 10−2 −1.75× 10−1 ± 4.05× 10−3 8.38× 10−1 ± 1.56× 10−2 −7.76× 10−3 ± 9.65× 10−4 −8.18× 10−3 ± 7.47× 10−3 1.54× 10−3 ± 3.08× 10−4 6.47× 10−3 ± 1.07× 10−3 −1.11× 10−2 ± 1.30× 10−3 −1.73× 10−2 ± 7.55× 10−3 1.16× 10−3 ± 2.19× 10−4 4.59× 10−3 ± 7.45× 10−4 −1.34× 10−2 ± 1.43× 10−3 −1.70× 10−2 ± 1.09× 10−2 1.39× 10−3 ± 9.32× 10−5 1.24× 10−3 ± 1.63× 10−4
50 0 −2.09× 10−1 ± 2.95× 10−2 1.24 ± 1.93× 10−2 −1.77× 10−1 ± 1.29× 10−2 1.26 ± 3.25× 10−2 −1.86× 10−1 ± 1.92× 10−2 1.00 ± 2.79× 10−5 −1.14× 10−2 ± 4.63× 10−3 −4.52× 10−2 ± 1.98× 10−2 −1.13× 10−4 ± 8.91× 10−4 2.75× 10−2 ± 3.44× 10−3 −1.71× 10−2 ± 4.86× 10−3 1.77× 10−2 ± 6.83× 10−3 1.07× 10−3 ± 7.30× 10−4 1.86× 10−2 ± 2.46× 10−3 −1.85× 10−2 ± 6.76× 10−3 −7.92× 10−2 ± 2.67× 10−2 - -
50 0.10 −2.04× 10−1 ± 2.66× 10−2 8.20× 10−1 ± 7.78× 10−2 −1.67× 10−1 ± 1.37× 10−2 9.32× 10−1 ± 7.49× 10−2 −1.83× 10−1 ± 1.69× 10−2 8.24× 10−1 ± 5.68× 10−2 −1.11× 10−2 ± 4.01× 10−3 −3.66× 10−2 ± 1.18× 10−2 −3.87× 10−3 ± 1.68× 10−4 1.17× 10−2 ± 3.31× 10−3 −1.49× 10−2 ± 3.69× 10−3 −4.83× 10−2 ± 1.75× 10−2 8.24× 10−4 ± 6.81× 10−4 8.21× 10−3 ± 2.29× 10−3 −1.76× 10−2 ± 5.85× 10−3 −5.22× 10−2 ± 1.62× 10−2 1.11× 10−3 ± 2.42× 10−6 9.44× 10−4 ± 2.36× 10−4
50 0.25 −2.05× 10−1 ± 2.47× 10−2 9.78× 10−1 ± 7.60× 10−2 −1.65× 10−1 ± 1.23× 10−2 9.76× 10−1 ± 6.29× 10−2 −1.81× 10−1 ± 1.54× 10−2 1.13 ± 1.89× 10−2 −1.26× 10−2 ± 3.90× 10−3 −5.71× 10−2 ± 2.42× 10−2 1.40× 10−3 ± 9.27× 10−4 3.34× 10−2 ± 7.09× 10−4 −1.89× 10−2 ± 4.53× 10−3 6.36× 10−3 ± 2.60× 10−2 1.17× 10−3 ± 6.67× 10−4 2.48× 10−2 ± 6.64× 10−5 −2.00× 10−2 ± 5.72× 10−3 −9.02× 10−2 ± 3.29× 10−2 1.31× 10−3 ± 2.75× 10−4 1.23× 10−3 ± 3.99× 10−4
50 0.50 −1.94× 10−1 ± 1.77× 10−2 1.01 ± 6.07× 10−2 −1.63× 10−1 ± 9.44× 10−3 9.74× 10−1 ± 5.03× 10−2 −1.78× 10−1 ± 1.10× 10−2 8.66× 10−1 ± 3.98× 10−2 −1.05× 10−2 ± 2.96× 10−3 −4.73× 10−2 ± 2.18× 10−2 1.94× 10−3 ± 7.27× 10−4 3.38× 10−3 ± 2.56× 10−3 −1.55× 10−2 ± 3.62× 10−3 −2.38× 10−2 ± 2.47× 10−2 1.50× 10−3 ± 5.21× 10−4 2.33× 10−3 ± 1.78× 10−3 −1.71× 10−2 ± 4.34× 10−3 −7.30× 10−2 ± 3.08× 10−2 1.31× 10−3 ± 2.01× 10−4 1.36× 10−3 ± 3.61× 10−4
50 0.75 −1.90× 10−1 ± 1.20× 10−2 8.58× 10−1 ± 5.48× 10−2 −1.57× 10−1 ± 6.30× 10−3 9.01× 10−1 ± 3.85× 10−2 −1.75× 10−1 ± 7.41× 10−3 8.39× 10−1 ± 2.66× 10−2 −1.02× 10−2 ± 2.10× 10−3 −3.49× 10−2 ± 1.61× 10−2 1.67× 10−3 ± 5.23× 10−4 7.95× 10−3 ± 1.72× 10−3 −1.53× 10−2 ± 2.76× 10−3 −2.50× 10−2 ± 1.56× 10−2 1.25× 10−3 ± 3.73× 10−4 5.57× 10−3 ± 1.22× 10−3 −1.69× 10−2 ± 3.08× 10−3 −5.27× 10−2 ± 2.32× 10−2 1.17× 10−3 ± 1.24× 10−4 1.27× 10−3 ± 2.48× 10−4
50 0.90 −1.86× 10−1 ± 7.24× 10−3 8.78× 10−1 ± 3.62× 10−2 −1.55× 10−1 ± 3.58× 10−3 8.72× 10−1 ± 2.41× 10−2 −1.72× 10−1 ± 4.40× 10−3 8.50× 10−1 ± 1.59× 10−2 −9.83× 10−3 ± 1.28× 10−3 −3.19× 10−2 ± 9.97× 10−3 1.71× 10−3 ± 3.29× 10−4 5.68× 10−3 ± 1.06× 10−3 −1.53× 10−2 ± 1.69× 10−3 −1.78× 10−2 ± 9.75× 10−3 1.26× 10−3 ± 2.34× 10−4 4.00× 10−3 ± 7.42× 10−4 −1.64× 10−2 ± 1.88× 10−3 −4.95× 10−2 ± 1.44× 10−2 1.19× 10−3 ± 8.54× 10−5 1.31× 10−3 ± 1.49× 10−4
60 0 - - - - - - - - - - - - - - - - - -
60 0.10 - - - - - - - - - - - - - - - - - -
60 0.25 −2.16× 10−1 ± 2.90× 10−2 6.62× 10−1 ± 1.56× 10−2 −1.64× 10−1 ± 1.13× 10−2 9.06× 10−1 ± 3.43× 10−2 −1.86× 10−1 ± 1.68× 10−2 1.28 ± 2.57× 10−2 −1.47× 10−2 ± 5.21× 10−3 −1.30× 10−1 ± 1.67× 10−2 −2.53× 10−3 ± 4.63× 10−4 1.19× 10−2 ± 1.81× 10−3 −2.29× 10−2 ± 6.15× 10−3 −3.70× 10−2 ± 2.44× 10−2 1.14× 10−3 ± 6.69× 10−4 6.90× 10−3 ± 1.22× 10−3 −2.29× 10−2 ± 7.59× 10−3 −1.42× 10−1 ± 2.96× 10−2 - -
60 0.50 −2.04× 10−1 ± 2.18× 10−2 9.19× 10−1 ± 1.09× 10−1 −1.51× 10−1 ± 8.64× 10−3 1.12 ± 6.23× 10−2 −1.80× 10−1 ± 1.25× 10−2 8.98× 10−1 ± 3.97× 10−2 −1.35× 10−2 ± 4.01× 10−3 −8.05× 10−2 ± 2.32× 10−2 1.65× 10−3 ± 7.84× 10−4 2.31× 10−3 ± 2.17× 10−3 −4.01× 10−2 ± 1.85× 10−3 −1.80× 10−2 ± 2.80× 10−2 1.41× 10−3 ± 5.69× 10−4 1.34× 10−3 ± 1.48× 10−3 −2.12× 10−2 ± 5.83× 10−3 −1.05× 10−1 ± 3.45× 10−2 1.14× 10−3 ± 1.65× 10−4 1.43× 10−3 ± 2.90× 10−4
60 0.75 −1.96× 10−1 ± 1.40× 10−2 8.41× 10−1 ± 7.13× 10−2 −1.47× 10−1 ± 5.63× 10−3 9.96× 10−1 ± 4.57× 10−2 −1.74× 10−1 ± 7.82× 10−3 8.43× 10−1 ± 2.72× 10−2 −1.27× 10−2 ± 2.68× 10−3 −6.12× 10−2 ± 1.98× 10−2 1.40× 10−3 ± 5.42× 10−4 5.90× 10−3 ± 1.70× 10−3 −2.03× 10−2 ± 3.41× 10−3 −1.88× 10−2 ± 1.86× 10−2 1.07× 10−3 ± 3.85× 10−4 4.25× 10−3 ± 1.20× 10−3 −2.03× 10−2 ± 3.91× 10−3 −8.92× 10−2 ± 2.83× 10−2 1.20× 10−3 ± 1.28× 10−4 1.35× 10−3 ± 2.18× 10−4
60 0.90 −1.89× 10−1 ± 8.14× 10−3 8.51× 10−1 ± 4.51× 10−2 −1.49× 10−1 ± 3.52× 10−3 9.31× 10−1 ± 2.70× 10−2 −1.71× 10−1 ± 4.65× 10−3 8.56× 10−1 ± 1.61× 10−2 −1.22× 10−2 ± 1.64× 10−3 −5.86× 10−2 ± 1.16× 10−2 1.80× 10−3 ± 3.33× 10−4 3.66× 10−3 ± 1.04× 10−3 −1.80× 10−2 ± 2.14× 10−3 −2.66× 10−2 ± 1.17× 10−2 1.36× 10−3 ± 2.38× 10−4 2.62× 10−3 ± 7.26× 10−4 −1.96× 10−2 ± 2.40× 10−3 −8.53× 10−2 ± 1.66× 10−2 1.03× 10−3 ± 6.62× 10−5 1.31× 10−3 ± 1.30× 10−4
70 0 - - - - - - - - - - - - - - - - - -
70 0.10 - - - - - - - - - - - - - - - - - -
70 0.25 - - - - - - - - - - - - - - - - - -
70 0.50 −2.15× 10−1 ± 2.51× 10−2 8.39× 10−1 ± 6.08× 10−2 −1.44× 10−1 ± 8.48× 10−3 1.06 ± 3.98× 10−2 −1.78× 10−1 ± 1.37× 10−2 8.20× 10−1 ± 3.05× 10−2 −1.68× 10−2 ± 4.81× 10−3 −1.43× 10−1 ± 2.56× 10−2 1.59× 10−3 ± 8.10× 10−4 6.49× 10−3 ± 1.31× 10−3 −2.74× 10−2 ± 5.79× 10−3 −1.83× 10−2 ± 7.68× 10−3 −3.66× 10−4 ± 1.95× 10−4 3.55× 10−3 ± 9.33× 10−4 −2.57× 10−2 ± 6.93× 10−3 −2.79× 10−1 ± 1.82× 10−2 8.54× 10−4 ± 2.38× 10−6 1.16× 10−3 ± 2.63× 10−4
70 0.75 −2.01× 10−1 ± 1.60× 10−2 8.63× 10−1 ± 7.66× 10−2 −1.45× 10−1 ± 5.74× 10−3 1.04 ± 4.61× 10−2 −1.73× 10−1 ± 8.53× 10−3 7.77× 10−1 ± 2.23× 10−2 −1.52× 10−2 ± 3.34× 10−3 −1.05× 10−1 ± 1.89× 10−2 1.31× 10−3 ± 5.44× 10−4 1.51× 10−3 ± 1.56× 10−3 −2.14× 10−2 ± 4.11× 10−3 −3.98× 10−2 ± 1.69× 10−2 1.06× 10−3 ± 3.90× 10−4 1.11× 10−3 ± 1.09× 10−3 −2.37× 10−2 ± 4.85× 10−3 −1.47× 10−1 ± 2.67× 10−2 9.47× 10−4 ± 8.81× 10−5 1.13× 10−3 ± 1.76× 10−4
70 0.90 −1.92× 10−1 ± 9.25× 10−3 7.98× 10−1 ± 4.88× 10−2 −1.45× 10−1 ± 3.66× 10−3 9.50× 10−1 ± 3.04× 10−2 −1.69× 10−1 ± 4.86× 10−3 8.51× 10−1 ± 1.61× 10−2 −1.44× 10−2 ± 2.01× 10−3 −7.96× 10−2 ± 1.25× 10−2 1.86× 10−3 ± 3.48× 10−4 1.60× 10−4 ± 8.67× 10−4 −1.83× 10−2 ± 2.46× 10−3 −3.05× 10−2 ± 1.31× 10−2 1.37× 10−3 ± 2.48× 10−4 2.25× 10−4 ± 6.11× 10−4 −2.26× 10−2 ± 2.92× 10−3 −1.12× 10−1 ± 1.79× 10−2 1.05× 10−3 ± 7.47× 10−5 1.19× 10−3 ± 9.37× 10−5
80 0 - - - - - - - - - - - - - - - - - -
80 0.10 - - - - - - - - - - - - - - - - - -
80 0.25 - - - - - - - - - - - - - - - - - -
80 0.50 - - - - - - - - - - - - - - - - - -
80 0.75 −2.04× 10−1 ± 1.77× 10−2 7.48× 10−1 ± 8.98× 10−2 −1.45× 10−1 ± 5.69× 10−3 1.24 ± 4.10× 10−2 −1.70× 10−1 ± 8.68× 10−3 7.93× 10−1 ± 2.17× 10−2 −1.69× 10−2 ± 3.87× 10−3 −1.36× 10−1 ± 2.25× 10−2 1.64× 10−3 ± 5.58× 10−4 −3.70× 10−3 ± 3.72× 10−4 −1.95× 10−2 ± 3.96× 10−3 −3.72× 10−2 ± 1.91× 10−2 1.26× 10−3 ± 3.98× 10−4 −2.41× 10−3 ± 2.76× 10−4 −2.61× 10−2 ± 5.59× 10−3 −1.63× 10−1 ± 3.55× 10−2 9.63× 10−4 ± 1.07× 10−4 1.00× 10−3 ± 1.93× 10−4
80 0.90 −1.97× 10−1 ± 1.04× 10−2 6.66× 10−1 ± 5.05× 10−2 −1.45× 10−1 ± 3.87× 10−3 9.92× 10−1 ± 3.59× 10−2 −1.67× 10−1 ± 4.98× 10−3 7.92× 10−1 ± 1.46× 10−2 −1.65× 10−2 ± 2.36× 10−3 −1.15× 10−1 ± 1.38× 10−2 1.69× 10−3 ± 3.48× 10−4 −1.42× 10−3 ± 7.63× 10−4 −1.54× 10−2 ± 2.52× 10−3 −4.97× 10−2 ± 1.37× 10−2 1.26× 10−3 ± 2.48× 10−4 −8.54× 10−4 ± 5.42× 10−4 −2.55× 10−2 ± 3.42× 10−3 −1.56× 10−1 ± 2.00× 10−2 9.19× 10−4 ± 6.81× 10−5 1.08× 10−3 ± 9.38× 10−5
90 0 - - - - - - - - - - - - - - - - - -
90 0.10 - - - - - - - - - - - - - - - - - -
90 0.25 - - - - - - - - - - - - - - - - - -
90 0.50 - - - - - - - - - - - - - - - - - -
90 0.75 −2.11× 10−1 ± 1.93× 10−2 6.53× 10−1 ± 7.79× 10−2 −1.48× 10−1 ± 6.22× 10−3 1.07 ± 6.82× 10−2 −1.70× 10−1 ± 8.99× 10−3 7.37× 10−1 ± 2.34× 10−2 −1.95× 10−2 ± 4.37× 10−3 −1.23× 10−1 ± 1.33× 10−2 −6.18× 10−5 ± 5.02× 10−4 −3.63× 10−3 ± 4.42× 10−4 −1.31× 10−2 ± 4.01× 10−3 −6.05× 10−2 ± 2.49× 10−2 5.15× 10−4 ± 3.76× 10−4 −2.11× 10−3 ± 4.07× 10−4 −2.96× 10−2 ± 6.29× 10−3 −1.75× 10−1 ± 1.91× 10−2 - -
90 0.90 −2.03× 10−1 ± 1.14× 10−2 6.39× 10−1 ± 5.56× 10−2 −1.45× 10−1 ± 4.12× 10−3 9.75× 10−1 ± 3.82× 10−2 −1.66× 10−1 ± 5.07× 10−3 7.69× 10−1 ± 1.45× 10−2 −1.87× 10−2 ± 2.68× 10−3 −1.12× 10−1 ± 1.36× 10−2 1.47× 10−3 ± 3.52× 10−4 −1.34× 10−3 ± 8.44× 10−4 −1.30× 10−2 ± 2.50× 10−3 −4.29× 10−2 ± 1.25× 10−2 1.11× 10−3 ± 2.51× 10−4 −6.93× 10−4 ± 6.17× 10−4 −2.86× 10−2 ± 3.87× 10−3 −1.57× 10−1 ± 1.94× 10−2 9.55× 10−4 ± 7.61× 10−5 1.01× 10−3 ± 8.33× 10−5
100 0 - - - - - - - - - - - - - - - - - -
100 0.10 - - - - - - - - - - - - - - - - - -
100 0.25 - - - - - - - - - - - - - - - - - -
100 0.50 - - - - - - - - - - - - - - - - - -
100 0.75 - - −1.63× 10−1 ± 6.35× 10−3 1.06 ± 8.30× 10−2 −1.69× 10−1 ± 9.05× 10−3 7.59× 10−1 ± 2.72× 10−2 −2.11× 10−2 ± 4.91× 10−3 −1.59× 10−1 ± 2.38× 10−2 6.34× 10−4 ± 5.37× 10−4 −1.59× 10−3 ± 1.19× 10−3 −3.12× 10−2 ± 3.65× 10−3 −4.96× 10−2 ± 1.06× 10−2 −7.84× 10−4 ± 2.47× 10−4 −1.11× 10−3 ± 8.24× 10−4 −3.18× 10−2 ± 7.05× 10−3 −2.19× 10−1 ± 3.47× 10−2 1.09× 10−3 ± 1.38× 10−4 1.01× 10−3 ± 1.28× 10−4
100 0.90 - - −1.41× 10−1 ± 4.08× 10−3 1.01 ± 5.15× 10−2 −1.65× 10−1 ± 5.09× 10−3 7.02× 10−1 ± 1.40× 10−2 −2.00× 10−2 ± 2.94× 10−3 −1.37× 10−1 ± 1.56× 10−2 1.62× 10−3 ± 3.57× 10−4 1.88× 10−3 ± 1.06× 10−3 −1.07× 10−2 ± 2.66× 10−3 −4.15× 10−2 ± 7.73× 10−3 1.15× 10−3 ± 2.53× 10−4 1.15× 10−3 ± 7.31× 10−4 −3.04× 10−2 ± 4.23× 10−3 −1.96× 10−1 ± 2.23× 10−2 1.01× 10−3 ± 8.06× 10−5 9.77× 10−4 ± 9.18× 10−5
110 0 - - - - - - - - - - - - - - - - - -
110 0.10 - - - - - - - - - - - - - - - - - -
110 0.25 - - - - - - - - - - - - - - - - - -
110 0.50 - - - - - - - - - - - - - - - - - -
110 0.75 - - - - - - - - - - - - - - - - - -
110 0.90 - - −1.41× 10−1 ± 4.66× 10−3 9.96× 10−1 ± 5.22× 10−2 −1.64× 10−1 ± 5.24× 10−3 7.26× 10−1 ± 1.43× 10−2 −2.25× 10−2 ± 3.21× 10−3 −1.71× 10−1 ± 1.30× 10−2 1.24× 10−3 ± 3.53× 10−4 7.69× 10−4 ± 1.14× 10−3 −1.08× 10−2 ± 2.87× 10−3 −4.71× 10−2 ± 8.88× 10−3 7.78× 10−4 ± 2.43× 10−4 5.13× 10−4 ± 7.96× 10−4 −3.36× 10−2 ± 4.62× 10−3 −2.50× 10−1 ± 1.80× 10−2 1.03× 10−3 ± 8.25× 10−5 8.98× 10−4 ± 2.96× 10−6
120 0 - - - - - - - - - - - - - - - - - -
120 0.10 - - - - - - - - - - - - - - - - - -
120 0.25 - - - - - - - - - - - - - - - - - -
120 0.50 - - - - - - - - - - - - - - - - - -
120 0.75 - - - - - - - - - - - - - - - - - -
120 0.90 - - −1.37× 10−1 ± 5.06× 10−3 9.82× 10−1 ± 6.12× 10−2 −1.63× 10−1 ± 5.27× 10−3 7.99× 10−1 ± 1.60× 10−2 −2.38× 10−2 ± 3.41× 10−3 −1.66× 10−1 ± 1.04× 10−2 1.46× 10−3 ± 3.49× 10−4 1.82× 10−4 ± 9.36× 10−4 −9.47× 10−3 ± 2.59× 10−3 −3.55× 10−2 ± 3.74× 10−3 1.03× 10−3 ± 2.47× 10−4 1.35× 10−4 ± 6.45× 10−4 −3.54× 10−2 ± 4.91× 10−3 −2.43× 10−1 ± 1.41× 10−2 9.40× 10−4 ± 7.78× 10−5 8.28× 10−4 ± 2.60× 10−6
♠ - Parameter with informative potential about fatigue, considering the meta-analysis criterion for identifying tendencies (Section 3.2.3)
Green Text - Positive combined slope defining an increasing tendency for the population sample in study
Red Text - Negative combine slope defining a decreasing tendency for the population sample in study
Underlined Cell - The confidence interval only contain positive or negative values, so, by the meta-analysis criterion, we can assume that the estimate of the combined slope has enough precision to represent a tendency on the evolution of the parameter
Green Cell or Red Cell - Identify the best combination of window size and time-step (that minimizes the coefficient of variation)
A parameter is defined as a fatigue index if between the trial where fatigue is induced (Fatigue +) and the trial where fatigue decreases (Fatigue -) (i) the background color changes or (ii) the text is underlined in Fatigue + and is not underlined in Fatigue -.
Table C.6: ECG processing results (Frequency-Domain features) generated during the iterative application of the meta-analysis with different window sizes and time-steps for identifying which is the best combination to extract the feature and to evaluate the respective tendency. The values presented correspond to the combined slope, determined from the slopes of the regression line that best fits the evolution of each parameter for the different subjects
inside the sample. The uncertainty is given by the half-length of the 95 % confidence interval.
Frequency Domain
Total Power ULF Power VLF Power LF Power ♠ HF Power ♠ LF/HF Power Ratio Median Frequency ♠
Window Size (s) Overlap Fraction Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue - Fatigue + Fatigue -
30 0 −7.16× 101 ± 3.22× 101 −3.49× 102 ± 3.67× 102 - - −1.16× 101 ± 5.03 −1.04× 102 ± 6.21× 101 −2.84 ± 1.06 1.05× 101 ± 1.07× 101 −1.56 ± 5.47× 10−1 2.97 ± 2.98 −3.34× 10−3 ± 2.14× 10−3 −5.41× 10−3 ± 8.06× 10−3 3.38× 10−3 ± 4.18× 10−4 −5.73× 10−3 ± 7.11× 10−4
30 0.10 −6.46× 101 ± 2.82× 101 −8.62 ± 2.99× 102 - - −9.66 ± 4.27 −9.36× 101 ± 5.85× 101 −2.58 ± 1.02 1.29× 101 ± 1.13× 101 −1.69 ± 4.65× 10−1 2.66 ± 3.53 −3.90× 10−3 ± 2.19× 10−3 −8.83× 10−3 ± 6.03× 10−3 3.57× 10−3 ± 3.91× 10−4 −5.70× 10−3 ± 7.66× 10−4
30 0.25 −6.88× 101 ± 2.55× 101 −2.44× 102 ± 2.44× 102 - - −1.02× 101 ± 4.06 −6.91× 101 ± 4.41× 101 −2.69 ± 8.86× 10−1 5.17 ± 1.15× 101 −1.48 ± 4.16× 10−1 7.34× 10−1 ± 1.78 −2.91× 10−3 ± 2.15× 10−3 −6.10× 10−3 ± 7.47× 10−3 3.61× 10−3 ± 3.50× 10−4 −5.61× 10−3 ± 6.15× 10−4
30 0.50 −5.65× 101 ± 1.92× 101 −2.19× 102 ± 2.44× 102 - - −9.38 ± 3.15 −7.80× 101 ± 4.33× 101 −2.33 ± 6.39× 10−1 1.12× 101 ± 8.92 −1.28 ± 3.13× 10−1 1.06 ± 1.94 −4.11× 10−3 ± 1.63× 10−3 −5.96× 10−3 ± 6.43× 10−3 3.62× 10−3 ± 2.89× 10−4 −5.54× 10−3 ± 5.28× 10−4
30 0.75 −4.71× 101 ± 1.21× 101 −1.25× 102 ± 1.59× 102 - - −8.67 ± 2.05 −6.05× 101 ± 2.79× 101 −1.87 ± 3.76× 10−1 1.33× 101 ± 7.11 −1.10 ± 1.97× 10−1 1.31 ± 1.42 −3.35× 10−3 ± 1.24× 10−3 −1.91× 10−3 ± 5.35× 10−3 3.60× 10−3 ± 2.02× 10−4 −5.48× 10−3 ± 3.45× 10−4
30 0.90 −3.92× 101 ± 6.80 −1.13× 102 ± 9.90× 101 - - −7.98 ± 1.18 −5.91× 101 ± 1.74× 101 −1.51 ± 1.97× 10−1 1.45× 101 ± 4.54 −8.51× 10−1 ± 1.04× 10−1 1.59 ± 1.16 −3.75× 10−3 ± 7.72× 10−4 −4.06× 10−3 ± 3.34× 10−3 3.65× 10−3 ± 1.25× 10−4 −5.44× 10−3 ± 2.18× 10−4
40 0 −1.26× 102 ± 5.09× 101 −1.76× 103 ± 5.24× 102 −3.50 ± 1.28 −1.31× 102 ± 1.72× 101 −1.66× 101 ± 6.49 −3.16× 102 ± 7.98× 101 −4.48 ± 1.61 −3.12× 101 ± 2.46× 101 −2.00 ± 7.82× 10−1 7.99 ± 3.74 −8.50× 10−4 ± 3.05× 10−3 −3.59× 10−3 ± 6.31× 10−3 3.61× 10−3 ± 4.76× 10−4 −6.93× 10−3 ± 4.53× 10−4
40 0.10 −1.33× 102 ± 5.61× 101 −1.40× 103 ± 5.19× 102 −3.46 ± 1.58 −6.60× 101 ± 1.89× 101 −1.80× 101 ± 7.61 −2.43× 102 ± 8.32× 101 −4.35 ± 1.81 5.73 ± 2.38× 101 −2.13 ± 7.32× 10−1 −4.72 ± 3.66 −3.18× 10−4 ± 2.93× 10−3 −5.12× 10−3 ± 8.35× 10−3 3.51× 10−3 ± 4.64× 10−4 −5.84× 10−3 ± 6.32× 10−4
40 0.25 −1.09× 102 ± 4.88× 101 −1.06× 103 ± 6.64× 102 −3.52 ± 1.57 −5.57× 101 ± 2.44× 101 −1.56× 101 ± 6.68 −2.05× 102 ± 1.03× 102 −4.12 ± 1.37 −1.33× 101 ± 1.97× 101 −1.69 ± 6.50× 10−1 1.92 ± 3.25 −1.59× 10−3 ± 2.88× 10−3 −1.11× 10−2 ± 6.83× 10−3 3.51× 10−3 ± 4.55× 10−4 −6.17× 10−3 ± 5.75× 10−4
40 0.50 −9.86× 101 ± 3.76× 101 −1.00× 103 ± 5.65× 102 −3.17 ± 1.12 −5.55× 101 ± 2.11× 101 −1.53× 101 ± 5.44 −1.77× 102 ± 8.89× 101 −3.53 ± 1.12 −8.01 ± 1.96× 101 −1.42 ± 4.70× 10−1 1.93 ± 2.93 −3.01× 10−3 ± 2.21× 10−3 −7.76× 10−3 ± 7.38× 10−3 3.68× 10−3 ± 3.40× 10−4 −5.91× 10−3 ± 4.89× 10−4
40 0.75 −8.43× 101 ± 2.32× 101 −7.38× 102 ± 3.52× 102 −2.99 ± 7.57× 10−1 −4.52× 101 ± 1.31× 101 −1.36× 101 ± 3.42 −1.49× 102 ± 5.48× 101 −3.06 ± 7.09× 10−1 2.80 ± 1.41× 101 −1.18 ± 2.88× 10−1 6.58× 10−1 ± 2.03 −3.13× 10−3 ± 1.70× 10−3 −7.40× 10−3 ± 5.58× 10−3 3.79× 10−3 ± 2.43× 10−4 −5.73× 10−3 ± 3.26× 10−4
40 0.90 −7.51× 101 ± 1.33× 101 −6.53× 102 ± 2.19× 102 −2.85 ± 4.46× 10−1 −4.31× 101 ± 8.31 −1.27× 101 ± 1.99 −1.43× 102 ± 3.49× 101 −2.77 ± 4.05× 10−1 8.02 ± 8.48 −1.05 ± 1.60× 10−1 1.38 ± 1.65 −4.40× 10−3 ± 9.57× 10−4 −7.66× 10−3 ± 4.30× 10−3 3.67× 10−3 ± 1.48× 10−4 −5.60× 10−3 ± 2.01× 10−4
50 0 −1.79× 102 ± 9.27× 101 −1.60× 103 ± 5.89× 101 −6.07 ± 2.99 −6.91× 101 ± 3.19× 101 −2.85× 101 ± 1.44× 101 −3.14× 102 ± 1.54× 102 −5.44 ± 2.51 −3.53× 101 ± 2.18× 101 −2.49 ± 1.08 9.28× 10−1 ± 1.03× 10−1 −1.67× 10−3 ± 2.07× 10−3 −2.88× 10−2 ± 2.54× 10−3 3.45× 10−3 ± 5.08× 10−4 −7.17× 10−3 ± 4.45× 10−5
50 0.10 −1.75× 102 ± 8.33× 101 −1.61× 103 ± 5.96× 102 −5.60 ± 2.73 −6.15× 101 ± 1.14× 101 −2.66× 101 ± 1.22× 101 −2.55× 102 ± 4.05× 101 −5.13 ± 2.25 −1.53× 101 ± 2.58× 101 −2.29 ± 9.74× 10−1 −1.66 ± 2.19 −3.40× 10−3 ± 2.54× 10−3 −5.52× 10−4 ± 7.84× 10−3 3.46× 10−3 ± 4.67× 10−4 −6.21× 10−3 ± 6.62× 10−4
50 0.25 −1.92× 102 ± 8.42× 101 −3.37× 103 ± 1.24× 103 −6.47 ± 2.82 −1.78× 102 ± 4.12× 101 −3.16× 101 ± 1.28× 101 −6.18× 102 ± 2.02× 102 −4.60 ± 2.20 −1.66× 101 ± 1.79× 101 −2.28 ± 8.71× 10−1 −3.44 ± 5.83 −1.50× 10−3 ± 2.35× 10−3 −1.27× 10−2 ± 1.23× 10−2 3.37× 10−3 ± 4.62× 10−4 −7.29× 10−3 ± 5.32× 10−4
50 0.50 −1.53× 102 ± 5.96× 101 −3.00× 103 ± 9.93× 102 −4.92 ± 1.75 −1.24× 102 ± 4.00× 101 −2.50× 101 ± 9.01 −4.82× 102 ± 1.89× 102 −4.48 ± 1.57 −4.95× 10−1 ± 1.54× 101 −1.87 ± 6.34× 10−1 6.19× 10−1 ± 4.27 −4.41× 10−3 ± 1.66× 10−3 −1.10× 10−2 ± 6.92× 10−3 3.45× 10−3 ± 3.56× 10−4 −6.11× 10−3 ± 5.81× 10−4
50 0.75 −1.41× 102 ± 4.13× 101 −2.01× 103 ± 6.71× 102 −5.11 ± 1.35 −9.75× 101 ± 2.70× 101 −2.44× 101 ± 6.45 −3.76× 102 ± 1.19× 102 −4.10 ± 1.05 −8.09× 10−1 ± 1.63× 101 −1.54 ± 4.06× 10−1 1.72 ± 3.68 −4.46× 10−3 ± 1.43× 10−3 −9.31× 10−3 ± 5.91× 10−3 3.34× 10−3 ± 2.40× 10−4 −6.00× 10−3 ± 3.80× 10−4
50 0.90 −1.31× 102 ± 2.42× 101 −1.88× 103 ± 4.13× 102 −5.01 ± 8.13× 10−1 −9.56× 101 ± 1.68× 101 −2.33× 101 ± 3.85 −3.62× 102 ± 7.40× 101 −3.86 ± 5.93× 10−1 7.66 ± 1.00× 101 −1.35 ± 2.25× 10−1 2.30 ± 2.92 −4.03× 10−3 ± 9.36× 10−4 −9.61× 10−3 ± 3.39× 10−3 3.45× 10−3 ± 1.51× 10−4 −5.90× 10−3 ± 2.16× 10−4
60 0 - - - - - - - - - - - - - -
60 0.10 - - - - - - - - - - - - - -
60 0.25 −2.87× 102 ± 1.38× 102 −2.22× 103 ± 7.32× 102 −1.07× 101 ± 4.76 −1.14× 102 ± 6.86× 101 −4.82× 101 ± 2.13× 101 −4.42× 102 ± 3.15× 102 −8.61 ± 3.47 −3.70× 101 ± 3.52× 101 −2.90 ± 1.33 1.37× 101 ± 9.35 −3.29× 10−3 ± 2.56× 10−3 −1.27× 10−2 ± 9.13× 10−3 1.98× 10−3 ± 2.49× 10−4 −8.14× 10−3 ± 2.71× 10−4
60 0.50 −2.57× 102 ± 1.08× 102 −5.47× 103 ± 1.54× 103 −9.40 ± 3.58 −2.29× 102 ± 6.48× 101 −4.50× 101 ± 1.71× 101 −9.77× 102 ± 2.96× 102 −6.29 ± 2.61 −2.95× 101 ± 2.39× 101 −2.25 ± 9.95× 10−1 −2.60× 10−1 ± 4.84 −3.04× 10−3 ± 2.15× 10−3 −1.54× 10−2 ± 4.98× 10−3 1.72× 10−3 ± 1.72× 10−4 −6.52× 10−3 ± 5.53× 10−4
60 0.75 −2.26× 102 ± 6.97× 101 −4.53× 103 ± 1.18× 103 −8.67 ± 2.34 −1.89× 102 ± 4.97× 101 −3.99× 101 ± 1.12× 101 −7.75× 102 ± 2.30× 102 −6.29 ± 1.68 1.03 ± 2.20× 101 −2.03 ± 5.85× 10−1 −1.50× 10−1 ± 3.45 −5.09× 10−3 ± 1.51× 10−3 −1.16× 10−2 ± 5.53× 10−3 3.43× 10−3 ± 2.62× 10−4 −6.32× 10−3 ± 4.09× 10−4
60 0.90 −2.10× 102 ± 4.15× 101 −4.24× 103 ± 6.80× 102 −8.10 ± 1.39 −1.87× 102 ± 2.88× 101 −3.82× 101 ± 6.86 −7.54× 102 ± 1.35× 102 −5.41 ± 9.34× 10−1 −3.07 ± 1.47× 101 −1.54 ± 3.11× 10−1 8.48× 10−1 ± 3.87 −3.08× 10−3 ± 1.04× 10−3 −7.91× 10−3 ± 4.13× 10−3 3.39× 10−3 ± 1.60× 10−4 −6.20× 10−3 ± 2.42× 10−4
70 0 - - - - - - - - - - - - - -
70 0.10 - - - - - - - - - - - - - -
70 0.25 - - - - - - - - - - - - - -
70 0.50 −4.10× 102 ± 1.72× 102 −7.55× 103 ± 1.82× 103 −1.49× 101 ± 5.44 −2.41× 102 ± 9.67× 101 −7.16× 101 ± 2.76× 101 −1.06× 103 ± 4.67× 102 −1.05× 101 ± 3.64 −4.93× 101 ± 4.08× 101 −2.94 ± 1.19 −3.38 ± 5.76 −2.86× 10−3 ± 2.34× 10−3 −1.02× 10−2 ± 8.29× 10−3 1.82× 10−3 ± 1.93× 10−4 −6.98× 10−3 ± 4.57× 10−4
70 0.75 −3.40× 102 ± 1.14× 102 −8.49× 103 ± 1.69× 103 −1.31× 101 ± 3.83 −3.26× 102 ± 7.40× 101 −6.21× 101 ± 1.88× 101 −1.39× 103 ± 3.67× 102 −7.87 ± 2.48 −7.57× 101 ± 2.37× 101 −2.24 ± 7.41× 10−1 −8.43 ± 6.39 −3.18× 10−3 ± 1.65× 10−3 −1.09× 10−2 ± 5.34× 10−3 2.03× 10−3 ± 1.46× 10−4 −6.63× 10−3 ± 4.77× 10−4
70 0.90 −3.12× 102 ± 6.69× 101 −7.46× 103 ± 9.95× 102 −1.23× 101 ± 2.25 −3.19× 102 ± 4.24× 101 −5.69× 101 ± 1.11× 101 −1.35× 103 ± 2.03× 102 −7.61 ± 1.39 −3.01× 101 ± 1.88× 101 −1.84 ± 4.17× 10−1 −2.51 ± 4.33 −3.39× 10−3 ± 1.11× 10−3 −1.33× 10−2 ± 4.02× 10−3 3.30× 10−3 ± 1.72× 10−4 −6.47× 10−3 ± 2.68× 10−4
80 0 - - - - - - - - - - - - - -
80 0.10 - - - - - - - - - - - - - -
80 0.25 - - - - - - - - - - - - - -
80 0.50 - - - - - - - - - - - - - -
80 0.75 −4.62× 102 ± 1.66× 102 −1.17× 104 ± 2.71× 103 −1.82× 101 ± 5.49 −4.68× 102 ± 1.17× 102 −8.71× 101 ± 2.83× 101 −2.02× 103 ± 5.83× 102 −9.38 ± 2.84 −1.11× 102 ± 3.10× 101 −2.28 ± 8.63× 10−1 −7.46 ± 9.78 −2.36× 10−3 ± 1.54× 10−3 −2.66× 10−3 ± 5.22× 10−3 1.76× 10−3 ± 1.28× 10−4 −7.04× 10−3 ± 4.86× 10−4
80 0.90 −4.32× 102 ± 9.95× 101 −1.27× 104 ± 1.50× 103 −1.76× 101 ± 3.30 −5.17× 102 ± 6.29× 101 −8.23× 101 ± 1.69× 101 −2.29× 103 ± 3.06× 102 −8.24 ± 1.63 −5.95× 101 ± 2.64× 101 −2.13 ± 4.86× 10−1 −3.41 ± 5.63 −3.86× 10−3 ± 9.63× 10−4 −9.90× 10−3 ± 3.86× 10−3 1.75× 10−3 ± 7.88× 10−5 −6.55× 10−3 ± 2.73× 10−4
90 0 - - - - - - - - - - - - - -
90 0.10 - - - - - - - - - - - - - -
90 0.25 - - - - - - - - - - - - - -
90 0.50 - - - - - - - - - - - - - -
90 0.75 −6.51× 102 ± 2.32× 102 −2.46× 104 ± 3.85× 102 −2.58× 101 ± 7.40 −8.62× 102 ± 8.83× 101 −1.23× 102 ± 3.87× 101 −3.75× 103 ± 5.93× 102 −1.17× 101 ± 3.69 −1.09× 102 ± 3.47× 101 −3.13 ± 1.09 −2.35× 101 ± 8.96 −4.33× 10−3 ± 1.98× 10−3 −2.02× 10−3 ± 6.84× 10−3 1.53× 10−3 ± 1.14× 10−4 −8.69× 10−3 ± 1.16× 10−4
90 0.90 −5.95× 102 ± 1.37× 102 −1.84× 104 ± 1.92× 103 −2.46× 101 ± 4.49 −7.75× 102 ± 7.67× 101 −1.15× 102 ± 2.33× 101 −3.43× 103 ± 4.01× 102 −1.12× 101 ± 2.17 −8.45× 101 ± 4.52× 101 −2.75 ± 6.23× 10−1 −3.59 ± 6.57 −3.17× 10−3 ± 1.26× 10−3 −8.11× 10−3 ± 5.38× 10−3 1.58× 10−3 ± 7.31× 10−5 −6.65× 10−3 ± 2.85× 10−4
100 0 - - - - - - - - - - - - - -
100 0.10 - - - - - - - - - - - - - -
100 0.25 - - - - - - - - - - - - - -
100 0.50 - - - - - - - - - - - - - -
100 0.75 −8.37× 102 ± 3.09× 102 −3.22× 104 ± 3.17× 103 −3.46× 101 ± 1.03× 101 −1.30× 103 ± 9.55× 101 −1.58× 102 ± 5.21× 101 −5.94× 103 ± 4.09× 102 −1.39× 101 ± 4.13 8.76× 102 ± 2.65× 101 −3.27 ± 1.24 −1.30 ± 1.26× 101 −4.74× 10−3 ± 1.44× 10−3 −2.70× 10−3 ± 7.48× 10−3 2.09× 10−3 ± 9.82× 10−5 −7.46× 10−3 ± 4.67× 10−4
100 0.90 −7.51× 102 ± 1.79× 102 −2.69× 104 ± 2.33× 103 −3.24× 101 ± 5.98 −1.13× 103 ± 8.58× 101 −1.50× 102 ± 3.09× 101 −5.13× 103 ± 4.48× 102 −1.29× 101 ± 2.41 −1.07× 102 ± 4.47× 101 −2.71 ± 6.86× 10−1 −1.31× 101 ± 9.59 −3.12× 10−3 ± 1.19× 10−3 −6.27× 10−3 ± 4.81× 10−3 1.53× 10−3 ± 7.54× 10−5 −6.95× 10−3 ± 3.02× 10−4
110 0 - - - - - - - - - - - - - -
110 0.10 - - - - - - - - - - - - - -
110 0.25 - - - - - - - - - - - - - -
110 0.50 - - - - - - - - - - - - - -
110 0.75 - - - - - - - - - - - - - -
110 0.90 −1.01× 103 ± 2.32× 102 −3.49× 104 ± 2.49× 103 −8.91× 101 ± 1.55× 101 −3.03× 103 ± 2.24× 102 −1.62× 102 ± 3.26× 101 −5.76× 103 ± 3.82× 102 −1.54× 101 ± 2.78 −9.54× 101 ± 7.29× 101 −3.91 ± 8.57× 10−1 −1.60× 101 ± 1.21× 101 −3.47× 10−3 ± 1.19× 10−3 −1.14× 10−2 ± 5.81× 10−3 1.57× 10−3 ± 8.68× 10−5 −6.97× 10−3 ± 3.72× 10−4
120 0 - - - - - - - - - - - - - -
120 0.10 - - - - - - - - - - - - - -
120 0.25 - - - - - - - - - - - - - -
120 0.50 - - - - - - - - - - - - - -
120 0.75 - - - - - - - - - - - - - -
120 0.90 −1.23× 103 ± 2.85× 102 −3.69× 104 ± 2.60× 103 −1.11× 102 ± 1.92× 101 −2.89× 103 ± 2.08× 102 −2.00× 102 ± 4.02× 101 −6.20× 103 ± 4.26× 102 −1.70× 101 ± 3.29 −6.45× 102 ± 7.90× 101 −3.63 ± 8.58× 10−1 −1.85× 101 ± 1.98× 101 −2.49× 10−3 ± 1.29× 10−3 −1.26× 10−2 ± 5.79× 10−3 1.24× 10−3 ± 8.74× 10−5 −6.54× 10−3 ± 3.79× 10−4
♠ - Parameter with informative potential about fatigue, considering the meta-analysis criterion for identifying tendencies (Section 3.2.3)
Green Text - Positive combined slope defining an increasing tendency for the population sample in study
Red Text - Negative combine slope defining a decreasing tendency for the population sample in study
Underlined Cell - The confidence interval only contain positive or negative values, so, by the meta-analysis criterion, we can assume that the estimate of the combined slope has enough precision to represent a tendency on the evolution of the parameter
Green Cell or Red Cell - Identify the best combination of window size and time-step (that minimizes the coefficient of variation)











Report Generated by the Offline Fatigue
Monitoring Plugin
Following the visual approach to the interpretation of the EMG and ECG indexes, per-
formed in Appendix A, we present a report generated by the fatigue monitoring plugin,
serving as a structural example of the expected results during a test where fatigue is
induced.
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Sun Mar 11 2018 17:18:46 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
Evolution of the Global Fatigue Index
Fatigue Severity Regions
0 - 0.66 0.67 - 0.87 0.87 - 1.00
Time in green zone
0:56.00
Time in yellow zone
0:22.00
Time in red zone
0:24.00
Evolution of the Classification Results
Sun Mar 11 2018 17:18:48 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
Electromyographic Component
unit session time selection start selection end total processed time
Millivolt 04:04.0 00:13.1 03:41.7 03:28.6
00:07:80:79:6F:D8
A2 - CUSTOM/0.5/1.0/V
Median Frequency Analysis [1]
Change Percentage -20.83 %
Average Value 65.13 Hz
Average Change Rate -0.07 Hz/s
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Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
Wavelet Median Frequency Analysis [2]
Change Percentage -27.40 %
Average Value 66.20 Hz
Average Change Rate -0.10 Hz/s
Wavelet Major Frequency Analysis [3]
Change Percentage -27.16 %
Average Value 73.19 Hz
Average Change Rate -0.11 Hz/s
Sun Mar 11 2018 17:18:56 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
Electrocardiographic Component
unit session time selection start selection end total processed time
Millivolt 04:04.0 00:13.1 03:41.7 03:28.6
00:07:80:79:6F:D8
A7 - CUSTOM/0.5/1.0/V
Average RR Analysis [4]
Change Percentage -41.20 %
Average Value 0.42 s
Average Change Rate -0.00 s/s
Sun Mar 11 2018 17:18:59 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
SDNN Analysis [5]
Change Percentage -64.46 %
Average Value 0.01 s
Average Change Rate -0.00 s/s
Triangular Index Analysis [6]
Change Percentage -66.96 %
Average Value 6.50 a.u.
Average Change Rate -0.07 a.u./s
Sun Mar 11 2018 17:19:02 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
SD2 Analysis [7]
Change Percentage -72.49 %
Average Value 0.02 s
Average Change Rate -0.00 s/s
LF Power Analysis [8]
Change Percentage -96.39 %
Average Value 0.01 s^2
Average Change Rate -0.00 s^2/s
Sun Mar 11 2018 17:19:06 GMTFatigue Analysis OPENSIGNALS VERSION: Public Build 2017-09-20
Customer service phone: +351 211 956 542
Av. 5 de Outubro, 70 - 8th Floor
1050-059 Lisbon | PORTUGAL
HF Power Analysis [9]
Change Percentage -89.43 %
Average Value 0.00 s^2
Average Change Rate -0.00 s^2/s
Median Frequency HRV Analysis [10]
Change Percentage 97.23 %
Average Value 2.59 Hz
Average Change Rate 0.01 Hz/s
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Glossary
1. The median frequency corresponds to a parameter indicative of the way the total energy of the electromyographic (EMG) signal is distributed by the various
  elementary components, from the signal decomposition procedure based on the Fourier methodology.
  In formal terms the median frequency is the frequency that allows the splitting of the power spectrum into two segments with equal energy (Konrad, 2009).
  Thus, if 50 % of the signal energy is distributed by a number of X elementary components with low frequency, while the other half is distributed by Y high frequency
  elementary components (X << Y), this means that the spectrum has more information concentrated in lower frequencies and, consequently, the median frequency
  will have a smaller value, due to the higher weight of the low frequency elementary components 'reaching up' the splitting point of the spectrum into two
  segments with equal power in a smaller frequency value.
  In fatigue conditions will be expected that this parameter decreases during acquisition, by the fact that the conduction velocity of the nervous impulse on the
     m u s c u l a r   f i b r e s   d e c r e a s e s   w h i l e   t h e   f a t i g u e   s e t t l e s   ( C i f r e k ,   M e d v e d ,   T o n k o v i   a n d   O s t o j i ,   2 0 0 9 ;   D e   L u c a ,   1 9 8 4 ) .
2. The present parameter was extracted from the scalogram, obtained by the decomposition of EMG signal using the Wavelet Transform.
  The scalogram is a two-dimensional representation intended to simplify an information with a three-dimensional nature, having dimensions of frequency, time
  and colour, revealing the energy distribution of the signal over the time-frequency plane. Each point of the plane has a characteristic temporal and frequency
  resolution, considering the Wavelet Transform base methodology of using multiple scales for decomposing the time series (Rioul and Vetterli, 1991).
  The colour will be the dimensional simplification term, allowing the representation of the wavelet coefficients values in the 2D space, which in normal conditions
  would originate a new visual dimension, requiring a 3D coordinate system.
  Comparatively to the Fourier Transform, this methodology has the advantage that the results present a better commitment between time and frequency
  resolution, bypassing the problem of non-stationarity of EMG signals in dynamic contractions conditions, something that affects the reliability of the Fourier
  Analysis (Cifrek et al., 2009).
  The followed approach, for extracting this parameter, is based on the generation of an average power spectrum in the direction of the frequency dimension (losing
  the temporal information), considering that the scalogram corresponds to an image where each row is representative of a frequency component/scale and each
  column of a specific time interval.
  The average spectrum is formed by a number of samples coincident with the number of scalogram rows, having each sample a value given from the mean
  value of all wavelet coefficients/energy across the correspondent row.
  Such as the median frequency, taken from the Fourier domain, the present feature tends to decrease with the emergence of fatigue (Graham, Wachowiak and
  Gurd, 2015).
3. Corresponds to the frequency associated to informative centroid, that is, the major frequency will be the y-coordinate of the centroid, correspondent to the
  frequency axis of the scalogram, after the segmentation stage.
  The segmentation is carried out using the Otsu methodology. After this step only remain the pixels with a high informative content (Otsu, 1979)
  From these remaining pixels will be determined the centroid position, conceptually equivalent to the centre of mass used in mechanical/physical studies,
  representing an image point where the information is concentrated.
  It will be a positional weighted average, in which the coordinates and the value of each pixel are used, giving a weight (value) to each coordinate, so, more
  informative pixels contribute with a bigger weight in the definition of the centroid position.
  The determination of this parameter will be more propitious when the Otsu segmentation is used, because, if this step is skipped, the centroid determination
 'collects' information from all image pixels rather than contemplating only the pixels with a higher informative content.
  Thus, in simplistic terms, as the centroid corresponds to an object abstraction, where a great set of pixels will be summarized in a single pixel and the major
  frequency, like said before, will be the frequency of this global point, giving an indication of the direction of the spectrum compression.
  So, the purpose of this feature will be the same as for the Wavelet Median Frequency, producing fatigue an identical tendency of decreasing (Graham et al., 2015).
4. Is an indicator of the way heart-rate changes along the acquisition (inversely proportional to the heart-rate), defining the average duration of RR intervals
  contained in the processing window.
  In exercise conditions and due to higher energetic needs, the heart-rate will increase, and, consequently, the Average RR decreases, but this effect is not
  exclusively caused by the emergence of muscular or neurological fatigue, reason why it should be considered as an auxiliary index for fatigue evaluation, that is,
  analysing only this index does not allow by itself to infer objectively that the fatigue is being acquired.
5. The acronym SDNN means standard-deviation of NN-Tachogram (RR interval evolution without ectopic beats), revealing itself as a measure of variability/dispersion
  of RR interval duration in relation to the mean value.
  The samples (RR intervals) will be all beats contained in a predefined processing window. This feature constitutes a simple statistical approach but the advantage
  of simplicity also brings a problematic consequence that is the dependency of the SDNN value in relation to the processing window size, making it difficult or even
  impossible to compare values taken from heart-rate variability studies with different experimental conditions (Task Force of The European Society of Cardiology
  and the North American Society of Pacing and Electrophysiology, 1996).
  The average duration of RR interval works as a reference of null heart-rate variability, so the bigger/smaller the dispersion of RR interval around this point of
  'null' variability, defined in quantitative terms by SDNN, means that the heart-rate variability increases/decreases (Acharya, Joseph, Kannathal, Lim and Suri, 2006).
  In conditions of fatigue induction the heart-rate variability tends to decrease (Tran, Wijesuriya, Tarvainen, Karjalainen and Craig, 2009) and so SDNN will denote a
  decrease along acquisition.
6. This feature transmits information identical to SDNN, constituting an alternative for work around some constraints. In terms of evolution should be the same as SDNN
  (so when SDNN decreases the triangular index also decreases), but in this case the approach is based on a geometrical point of view, that is, the histogram
  of RR interval duration (during all acquisition or in a specific processing window) will be generated and then the modal bin is identified.
  The triangular index value is determined as the quotient between the total number of RR intervals covered by the processing window and the number of RR
  intervals inside the modal bin (Acharya et al., 2006).
  But the results of this analysis only have a good statistical significance when a great number of RR intervals (samples) are contained in the processing window, in
  some studies is recommended a minimum of 20 minutes of ECG data . (Task Force of The European Society of Cardiology and the North American Society
  of Pacing and Electrophysiology, 1996)
  Considering that the outlier samples remain out of modal bin, this mean that not take any effect in the triangular index determination, which makes this feature
  more robust than SDNN (Acharya et al., 2006).
  The more intervals are inside de modal bin then the smaller the heart-rate variability is and consequently by definition the lower the triangular index will be, this
  is a logical result because a bigger number of samples in the modal bin is equivalent to say that a great fraction of RR intervals is in a single class, that is, the
  variability in RR intervals is small.
7. Is one of the features extracted from the Poincaré plot (non-linear analysis) but before determining the index some concepts need to be presented. In a first
  stage a Poincaré plot is generated, this cartesian space is populated by two-dimensional samples S[i].
  Each Poincaré sample S[i] has as coordinates the duration of the RR interval number i (RR[i]) and the next (RR[i+1]), that is, two consecutive RR intervals form a point
  on the Poincaré Plot.
  There are two reference lines RR[i+1] = RR[i] e RR[i+1] = -RR[i] + 2 avg(RR), defining the geometrical reference of null heart-rate variability, so a sample localized near
  these lines constitute an event that contributes to a state of small heart-rate variability.
     T h e   b i g g e r   t h e   d i s p e r s i o n   o f   t h e   s a m p l e s   a r o u n d   t h e   r e f e r e n c e   l i n e s   t h e   b i g g e r   t h e   h e a r t - r a t e   v a r i a b i l i t y   w i l l   b e   ( G o l iD s k a ,   2 0 1 3 ) .
  To quantify the level of dispersion SD1 and SD2 are the two available indexes, corresponding to the standard-deviation of the Poincaré samples around each of
  the two reference lines.
  SD1 and SD2 are estimators of short-term and long-term heart-rate variability, respectively (Acharya et al., 2006).
8. The LF acronym means Low-Frequency, so this is one of the three indexes taken from the frequency domain. Before determining his value is necessary to transpose
  the time series describing the RR interval duration along time (Tachogram) to the new domain.
  In normal conditions the typical approach will be the use of Fourier Transform, but Tachogram has samples not evenly spaced which is problematic, so an
  adaptation is necessary and the Lomb-Scargle method is the chosen solution for the fatigue analysis system (Chou et al., 2011; VanderPlas, 2017).
 The alternative approach is based on the interpolation of Tachogram to obtain a time series with a constant sampling frequency and after this step will be applied the
  conventional Fourier Transform methodology (Clifford and College, 2002).
  The LF Power (Low-Frequency Band Power) corresponds to the energy inside the frequency band ranging between 0.04 and 0.15 Hz, establishing themselves as
  an indicator of sympathetic activity/modulation of heart-rate variability by the autonomous nervous system (Swapna, Ghista, Martis, Ang and Sree, 2012).
  However, some cares are needed during the processing stage, namely the choice of the processing window size, considering that shorter time-windows can
  prevent the generation of a power spectrum with enough resolution for determination of the energy inside this frequency band. It is advised to have a processing
  window with duration of at least 2 minutes of data (Task Force of The European Society of Cardiology and the North American Society of Pacing and
  Electrophysiology, 1996).
  There are evidences that the energy inside this frequency band tend to decrease with the fatigue emergence, like shown in a particular study on a sports context
  (Schmitt, Regnard, Auguin and Millet, 2016).
9. The extraction of this feature is similar to the LF Power, but focusing on the frequency band between 0.15 and 0.40 Hz (High-Frequency Band), relating this
  quantitative measure with vagal/parasympathetic modulation of heart-rate variability.
  Like LF Power, the energy inside HF band also tends to decrease with the emergence of fatigue (Schmitt et al., 2016).
10. It is verified an increase of this indicator with fatigue and it is suspected tha this behaviour is related with the decrease of the energy in the LF and HF bands,
  considering that the signal energy 'transits' to higher frequencies 'abandoning' the LF and HF bands, causing his decrease and 'populating' higher frequencies whose
  character may not be totally related with heart-rate variability.
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Publications and Other Init iatives
During the period of the dissertation work there were some initiatives that provided the
dissemination of the project and of some steps that preceded the final result, contained in
this document.
In an embryonic phase, we participated in the Nova Biomedical Engineering Workshop
(NBEW), organized by the Department of Physics of the Faculty of Sciences and Technolo-
gies of the Nova University of Lisbon and destined to the exhibition of some of the work
in the area of Biomedical Engineering.
Subsequently, after transposing the offline algorithm of heart-rate variability analysis
to the real-time strand, we submitted a Position Paper that describe this process for
disclosure at a conference.
The document, after some corrections, was accepted and allowed us to present the
results achieved at the 11th International Joint Conference on Biomedical Engineering
Systems and Technologies (BIOSTEC 2018).
Framed in the previous initiatives, this appendix contains the poster affixed during
NBEW and the Position Paper published during the BIOSTEC Conference.
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Sport reveals a growing preponderance in today's society, not 
only in professional but also recreational terms. 
 
Technology can often be considered as a barrier for people to 
achieve a healthy lifestyle, but increasingly this conception is 
being refuted, revealing technology as an important ally for 
example in sport. 
 
The monitoring systems of signals with a physiological origin 
have undergone an intense dissemination in the last decades, a 
tendency that also occurs in the sporting context. 
 
Currently platforms such as Garmin Connect TM or Xert TM are 
quite powerful, providing to athletes and cyclists, in particu-
lar, an exhaustive analysis of multiple indexes related to the 
evolution of parameters such as heart rate or power output. 
 
Despite the benefits of a physical activity, there are also prob-
lematic consequences, such as an increase in the probability of 
injury occurrence, with muscle fatigue in the background. 
 
It is at this point where most of the existing systems fail, be-
cause their analysis and functioning is focused on the perfor-
mance of the athlete and their progression, but ignore the 
quantification of fatigue, which may be extremely useful for 
injury prevention. 
 
One exception is the BSXinsight TM device that uses the concept 
of a lactic threshold for evaluating muscle fatigue. 
 
The present work attempts to validate some of the fatigue in-
dexes established in the scientific environment but that don't 






o Implementation of an algorithm for extraction of fatigue  in-
 dexes in different signals of physiological origin; 
o Identification/Classification of Fatigue State in real-time; 
o Creation of a global fatigue index that combines information 
 from different types of indexes. 
Purposes of the Works                         
The literature about fatigue evaluation methods is very wide, 
and at this stage we emphasize the methods that use the ECG 
(Electrocardiographic) and EMG (Electromyographic) signals. 
 
In the case of ECG the main parameter to be extracted corre-
sponds to the heart rate variability, and some studies prove that 
the long-term variability tends to increase with fatigue. [1] 
 
The objective perception of this fact will be attainable by index-
es such as SD1 and SD2 of the Poincaré analysis, where each 
point in the Poincaré graph corresponds to the combination of 






The point dispersion in relation to the reference lines RRi+1 = RRi 
and RRi+1 = -RRi + 2 avg(RR) , described by the SD1 and SD2 in-
dexes, respectively, tends to increase, reflecting an increment in 













Concerning to the EMG signal, its relevance for the evaluation 
of fatigue lies essentially in the frequency domain, namely 
through the evolution of parameters such as the median fre-
quency, that describes the trend of variation in the composition 
of the EMG signal. 
 
Under fatigue conditions the median frequency tends to de-
crease, with the EMG signal being dominated by the low fre-
quency components. [4] 
With xn denoting the tachogram (evolution of RR intervals),  xn – xn+1 it’s derivative and SD the standard deviation 
(1) (2) 
(3) 
P(f) denotes the power of elementary component with frequency f, at EMG spectrum and fs the sampling frequency. 
[1] J. Ryu and P. Kim, Journal of Korean Living Environment System, vol. 21, no. 6, pp. 897–903 (2014) 
[2] A. K. Golińska,  Studies in Logic, Grammar and Rhetoric, vol. 35, no. 48, pp. 117–127 (2013) 
[3] U. R. Acharya, K. P. Joseph, N. Kannathal, C. M. Lim, and J. S. Suri, Medical and Biological 
Engineering and Computing, vol. 44, no. 12, pp. 1031–1051 (2006) 
[4] C. J. De Luca, Critical reviews in biomedical engineering, vol. 11, no. 4, pp. 251–279 (1984) 
Bibliography                                            
Fatigue Evaluation Methods 
Figure 1 - Comparison between two hypothetical examples where cardiac 
variability increases when point dispersion is bigger 
Data processing will take place in the time domain and also in 
the frequency domain, with the analysis of time series ampli-
tude evolution, using estimators such as RMS. 
 
Considering that it is intended to implement a real-time fa-
tigue monitoring system, it means that even the frequency do-
main processing methods need to preserve part of the tem-
poral information, using a system of sliding windows, as 
shown in Figure 2. 
Processing Methods 
Figure 2 - Sliding Window System for temporal information preservation 
Until now, the analysis performed was limited to the valida-
tion of the results denoted in previous studies, namely the de-
crease of the median frequency under fatigue conditions. The 
first results were promising (Figure 3). 
Primordial Results 
Figure 3 - Primordial results of median frequency evolution under fatigue conditions 
Despite the interesting results, at this embryonic stage of the 
study, it is evident that the adjustment shown in Figure 3 does 
not always occur, so in the next phase of the project, other in-
dexes  will have to be analyzed and combined, permitting the 
creation of a more robust global fatigue index. 
Conclusions/Expectations 
RRi+1 = -RRi + 2 avg(RR) 
RRi+1 = RRi RRi+1 = RRi 
RRi+1 = -RRi + 2 avg(RR) 
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Abstract: In this paper, we present the assessment of heart rate variability (HRV) applied to real-time processing of
electrocardiographic (ECG) signals. A general approach for R-peak detection is described based on the com-
putational implementation of Pan and Tompkins algorithm, used in the offline version. Besides feature extrac-
tion (from temporal and frequency domain), the paper presents the development steps taken towards online
real-time biosignal processing. The functional basis of the online approach consists in the implementation
of a simple adaptive double-threshold algorithm for peak detection and a sliding window mechanism along
acquisition that provides a dynamically generated tachogram for the features to be successively extracted,
highlighting the new application opportunities for continuous observation of HRV parameters.
1 INTRODUCTION AND
MOTIVATION
Technology has become, specially in recent years, an
essential part of life in western societies. With the aim
of answering individual and collective needs, digital
technologies play nowadays an indisputable role.
Traditionally, humankind has tried to understand
human physiology in order to work towards the ap-
propriate corrections when medical conditions arise.
Experts are trained for years to access pathologies and
prescribe treatment when needed.
In recent times, though, the way society ap-
proaches medical conditions has completely changed.
While corrective medical attention has always been at
the base of the medical practice, preventive healthcare
and technology applications boast nowadays a huge
interest worldwide.
The fast developments in biosensing and the un-
stoppable increase of data availability have fostered
research in biomedical engineering, which is cur-
rently counting on a wide range of tools that enable
the acquisition and processing of information from
the human body.
In this position paper, we describe a module for a
signal processing platform, OpenSignals. In line with
our data-driven society needs and the ease to access
processing capabilities through mobile phone devices,
we present OpenSignals extension towards a real-time
Heart Rate Variability (HRV) processing approach.
OpenSignals software platform allows the study
and development of data post-processing tools. This
platform is integrated with signal acquisition sys-
tems from Plux, such as Biosignalsplux (Plux, 2012;
Chorão et al., 2012) and BITalino (Plux, 2013; Alves
et al., 2013), which enable various sensor combina-
tions and easy acquisition of biosignals, like Electro-
cardiogram (ECG) and Electromyogram (EMG).
The assessment of HRV through ECG signals is
at the core of Plux goals, both for the potential im-
pact and for cost reduction in early diagnose of heart
conditions. Having a reliable and working HRV plat-
form has allowed the exploration of changes that en-
able real-time HRV assessment.
While offline analyses have proved to be an effi-
cient tool to assess HRV-related conditions, we be-
lieve that our approach could constitute one of the
first steps towards a better exploitation of the com-
putational resources and device capabilities present
nowadays in our society.
Moreover, the real-time monitoring of HRV may
play a crucial role in disciplines such as high-
performance sports that could benefit from real-time
detection of threatening heart conditions.
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2 MATERIALS AND METHODS
In this section the ECG data signals, features ex-
tracted and processing steps are described.
Biosignalsplux platform is used as the device for
easy ECG acquisitions. This device allows a high
sampling rate in signal acquisition, which is fixed to
Fs = 1000 Hz in the case of our study.
The user can specify the processing filters applied
to the ECG signals. The predefined filter is basically a
band-pass filter (Flow = 0.5 Hz, Fhigh = 40.0 Hz). This
procedure allows for the removal of the baseline and
the avoidance of high frequency noise and artefacts.
Electrocardiographic and electromyographic sig-
nals share frequency bands. EMG signals can vary
from F = 5 Hz to F = 400 Hz. The applied filters
help in reducing the cross-talk caused by undesired
muscular activity that could appear during ECG ac-
quisition.
The voltage signals are segmented and annotated
to the P, Q, R, S, T points widely used in electro-
cardiography (see fig.1). These points correspond
to different stages of atrial/ventricular depolarisa-
tion/repolarisation and are used to identify waves and
intervals that are relevant for ECG analysis.
Figure 1: ECG PQRST points.
HRV assessment has traditionally relied on the
analysis of the tachogram, giving potential informa-
tion captured by the time series. The tachogram is the
temporal series of RR heartbeat intervals, which con-
tains the most relevant structural information of the
HRV.
The first step for HRV assessment consists in R-
peak detection. When using the offline analysis, our
algorithm is based on the widely used QRS complex
detection algorithm (Pan and Tompkins, 1985).
Once the R peaks are located, the tachogram is
built in order to proceed to feature extraction. An ec-
topic heartbeat removal criterion can also be speci-
fied. By using two limit values, e.g. Rmin = 0.4 s and
Rmax = 2.0 s, heartbeats from abnormal origin can be
easily discarded.
Our implementation contains the following fea-
tures:
Statistical Analysis
minRR (s). Minimum RR interval duration.
maxRR (s). Maximum RR interval duration.
avgRR (s). Average RR interval duration.
SDNN (s). Standard Deviation of RR intervals. Null
variance would indicate identical consecutive RR in-
tervals (Acharya et al., 2006).
rmsSD (s). Root mean square of the successive
tachDiff differences, an approximation to the disper-
sion on the tachogram’s derivative.
rmsSD =
√
∑Ki=0 tachDi f f 2[i]
K
(1)
K represents the number of points in the differential
tachogram.
NN20 (# intervals). Number of RR intervals between
non-ectopic beats where the difference of duration
with respect to the previous RR interval is greater than
20 ms.
pNN20 (dimensionless). Ratio between NN20 and
the total number of RR intervals on the processing
window. This represents the fraction of RR intervals
that verifies the condition of difference of duration
greater than 20 ms with respect to the adjacent RR
interval.
NN50 (# intervals) and pNN50 (dimensionless).
Number of RR intervals and ratio between non-
ectopic beats where the difference of duration with
respect to the previous RR interval is greater than 50
ms.
avg IHR (bpm). Average of the instantaneous heart
rate (IHR). Instantaneous heart rates are computed via
the inverse of every single Tachogram interval, which
indicates the number of beats per minute (bpm).
STD IHR (bpm). Standard Deviation of the instanta-
neous heart rate.
Poincaré Analysis
SD1 (s) e SD2 (s) ellipse sub-axes estimators: Non-
linear features derived from the Poincaré plot. In the
Poincaré plot, each point is formed by the coordinates
(RRi and RRi+1). In other words, the nonlinear trajec-
tory is represented by consecutive RR intervals (two
consecutive RR values constitute a point in the plot,
fig.2).
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SD1 and SD2 are estimators for the axes’ size of
the ellipse that covers all Poincaré samples, directly
linked to long-term HRV (SD2) and short-term HRV
(SD1).
A greater value of these indices indicates a wider
heart rate variability. These are measures of the stan-
dard deviation with respect to reference lines RRi+1 =









where SDSD is the standard deviation of tachDiff
(equivalent to rmsSD) and SDNN is the standard de-
viation of the tachogram, as defined previously.
Figure 2: HRV Poincaré plot.
Frequency Analysis
To take HRV signals to the frequency domain some
care is needed, because we deal with time series with
irregular sampling period (i.e. the time between two
heart rate samples is dependent of the RR interval
duration). Under these conditions it is strongly rec-
ommended to use the Lomb-Scargle Method, which
generates a “Fourier-like power spectrum estimator”
(VanderPlas, 2017), based on Least Squares Method
where for each elementary frequency component (in-
dependent variable of Periodogram) the sinusoid that
best fits the data is determined, based on chi-squared
testing (Chou et al., 2011). To achieve an efficient
analysis with Lomb-Scargle Methodology, Python as-
tropy’s library is used. The frequency scales are au-
tomatically defined by the autopower property, based
on a heuristic approach.
Power of Components in HRV Informative Bands.
They provide access to information related to the ef-
fect of sympathetic and parasympathetic components
in the heart rate variability control, which are difficult
to analyse in the temporal domain. The elementary
components inside the Low-Frequency (LF - 0.04 to
0.15 Hz) and High-Frequency (HF - 0.15 to 0.40 Hz)
bands refer to autonomic segments of heart rate vari-
ability. In bands containing Ultra-Low-Frequencies
(ULF - 0 to 0.003 Hz) and Very-Low-Frequencies
(VLF - 0.003 to 0.04 Hz) data is in most cases in-
conclusive and is frequently associated with harmonic
and incoherent signal components.
The information of HF Band Power is correlated
with SDNN, rmsSD and SDSD features. It is ex-
pected that when the heart rate variability increases
the power value of this component is also increased
(Task Force of The European Society of Cardiology
and The North American Society of Pacing and Elec-
trophysiology, 1996).
The information that SDNN feature provides is
equivalent to the Total Power of the Frequency Spec-
trum and rmsSD is linked with the power of HF band
of tachogram spectrum.
This correspondence has the advantage of present-
ing a reduced computational cost with respect to fre-
quency domain analysis methods.
One disadvantage, though, is related to the fact
that SDNN values depend on the window size. There-
fore, the comparison between trials is only possible
when similar acquisition conditions are guaranteed.
2.1 OpenSignals Platform Plugins
OpenSignals is a software compatible with multiple
platforms and operating systems. It provides a so-
lution to the fast-growing research community using
Plux devices. Its design targets the representation of
the biosignals captured and transmitted through Blue-
tooth in real-time allowing the subsequent storage on
the computer. Devices are easily paired to the soft-
ware via the MAC address.
OpenSignals can be described as a framework
that uses the web-based architecture (Pimentel et al.,
2015), based on three programming languages
(HTML, JavaScript and Python). With this triad it is
possible to “combine high-performance data manage-
ment and computational capacity with an intuitive and
user-friendly interface” (Plux, 2016).
The modular structure of OpenSignals allows the
simple implementation of new functionalities through
plugins or add-ons. The developer needs to gener-
ate the interface structure in HTML, set the events
triggered by the interaction between the user and in-
terface objects with JavaScript programming, and fi-
nally construct the Python processing algorithm.
The development logic is applied in the extension
of the HRV plugin towards real-time implementation.
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3 ONLINE HRV MONITORING
IMPLEMENTATION
The implementation of Online HRV plugin comes
from the native offline processing steps described be-
low.
3.1 Offline Processing Steps
The majority of the HRV features can be directly im-
plemented into the online version. However, some
key features of the offline processing algorithm were
not implemented in the first version of the Online
HRV plugin, namely the Pan-Tompkins R-Peak De-
tection Method. This algorithm proves to be robust
and efficient, with correct detection rates higher than
90% (Pan and Tompkins, 1985). For simplicity, an
R-peak detection algorithm has been developed using
a two-threshold system that yields an acceptable level
of detection with simplicity of implementation.
A description of the Offline HRV plugin process-
ing steps, upon which future developments are based,
is provided below:
In a first phase, the system reads the file contain-
ing the acquisition. The loaded array enters the Pan-
Tompkins R-peak detection function.
Once the peaks are detected, the ECG signal pro-
ceeds to the steps of filtering, differentiation, integra-
tion and erroneous R-peak exclusion.
In the filtering step the signal is applied to the
input of a second order Butterworth band-pass filter
(bandwidth FBW = [5,15] Hz). The differentiation of
the filtered signal is a simple sequential subtraction of
consecutive inputs. Differentiated values are squared
to avoid negative elements in the series (rectified dif-
ferences).
At this point, the integration of the signal takes
place using a sliding window of dimension N =
0.080× sampleFrequency (s) and adding up the val-
ues. This value is chosen in order to approximate the
integration window size to the maximum duration (in
physiological terms) that QRS complex can present,
e.g. t ∼ 0.080s, half of the suggested value in the Pan
and Tompkins work.
As an alternative to an iterative sliding window ap-






srect [ j] (4)
Subsequently, an array with the dimension of the
rectified signal (M) is filled with the integrated values.
For i > N:
sint [i] = scum[i]− scum[i−N]










At the end of the previous steps, the initialisation
of the R-peak detection threshold occurs, according to
the characteristics of the integrated signal, selecting a
segment of 1 second of sint (typically this duration is
sufficient to guarantee that the segment contains a R
peak).
The threshold is initialised using the maximum
value of the integrated signal (speakint ) in this segment
and a noise peak (npeak) is set to a null value, using
the reference formula:
threshold = npeak +0.25(s
peak
int −npeak) (6)
Once the initialisation phase of the thresholds is
completed, the integrated signal scan is triggered with
the detection of all possible peaks (array Possible-
Peaks). A peak (maximum) is placed at any point
sint [i] where sint [i−1] < sint [i] and sint [i] > sint [i+1].
In this scan, a maximum is considered a candidate to
be a R peak if its amplitude is higher than the active
candidate peak (ActCandPeak).
ActCandPeak is updated whenever a maximum
with higher amplitude is detected. When a value
found in PossiblePeaks is separated from ActCand-
Peak by at least 200 ms, the present peak will be
stored in the array containing the probable R peaks
(ProbPeaks), becoming the new ActCandPeak.
The procedure takes place until the end of the list
of PossiblePeaks is reached. Finally, peaks stored in
ProbPeaks are compared against the threshold in or-
der to be included into the definitive list of R peaks
(RpeaksList).
For each peak in ProbPeaks where this criterion is
true the noise peak npeak update is triggered, chang-
ing the threshold value accordingly (adaptive logic of
algorithm).
The noise peak is determined with the expression
npeak = 0.125Voltagepeak +0.875npeak, using the dig-
ital value/voltage associated with the probable peak
analysed and the old value of npeak.
Having the definitive list of R peaks, the algorithm
can proceed to the generation of the tachogram (RR
intervals).
However, prior to this step, the tachogram must
pass through ectopic beat removal process. This re-
moval is performed based on the user’s specifica-
tions. If the tachogram contains RR intervals last-
ing less/more time than the user-defined lower/greater
threshold, they are excluded.
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In addition to this, the user can also include an
additional level of filtering using an average sliding
window, that is, each sample of the tachogram is
scanned and the mean value of the tachogram sam-
ples contained in the user-defined window is deter-
mined. If the sample of present iteration has a dura-
tion exceeding the defined interval [avgValue+x%×
avgValue; avgValue− x%×avgValue] it is excluded
from tachogram.
Finally, with the tachogram ready to be explored,
the HRV extraction begins.
3.2 Online Processing
In this subsection, we present several algorithm modi-
fications towards the real-time HRV assessment. One
of our main concerns when thinking of HRV monitor-
ing in real-time is the change of the physical activity
regime of the subject of study (e.g. walking, supine
resting, standing, etc.).
Along these lines, one of the key modifications
consists in an adaptive threshold for R-peak detection.
As opposed to the offline study, a threshold is used
and computed iteratively as the data is collected. In
order to set the initial values, the first few seconds of
the signal are taken and only used to compute the first
thresholds to apply in R-peak detection before being
discarded.
Consequently, a lag on the adaptation of the afore-
mentioned threshold is always present. By taking
five-seconds segments of the signal, the thresholds
for heartbeat (R-peak) detection are adapted from it-
eration to iteration. At the acquisition of every seg-
ment, ECG signal maximum and minimum values
(Vmax,Vmin) are computed to update the thresholds.
The triangular index, a geometric feature of the
tachogram, has also been included. This is described
here:
Geometrical Analysis
Triangular Index. A geometrical feature (not sub-
ject to outliers) taken from the RR intervals histogram
analysis. It is defined as the ratio between the total
number of samples (RR intervals) in the histogram
and the number of RR intervals on dominant bin. The
size of each temporal bin needs to be ts = 1/128s





A greater triangular index indicates that a greater
proportion of RR intervals is concentrated inside a
single bin. Consequently, the heart rate variability is
low. Following reference guidelines, we know that
in order to obtain reliable results the time window
lengths of the ECG should be at least equal to 20 min-
utes (Task Force of The European Society of Cardiol-
ogy and The North American Society of Pacing and
Electrophysiology, 1996).
3.3 Online HRV Plugin Presentation
Methods
Implementing existing HRV Offline plugin algorithms
into the Online variant is not a straightforward pro-
cedure, since the user’s access to understandable and
reliable information in real-time must be taken into
consideration.
In the offline version, regardless of acquisition du-
ration, the user only has access to one value for each
HRV index. This approach is not adequate in real-
time analysis, since a value, even if updated periodi-
cally, is difficult to interpret when separately viewed.
Thus, the chosen methodology aims to provide the
user with the possibility of monitoring the evolution
of the different HRV indices throughout the acquisi-
tion, highlighting the trends and variations.
This dynamic approach is possible using a sliding
window mechanism, as presented in fig. 5. For each
window, a value is extracted for the multiple features
in the segment of the ECG signal contained within its
boundaries.
The windows should overlap, which becomes
more practical for the user since the existence of com-
mon information between windows makes the index
variation more gradual and, at the same time, allows
the sampling rate of new values for the indices to be
higher as compared to a non-overlapping sliding win-
dow.
The above specifications are important in a sys-
tem/interface interactivity perspective. We emphasise
the online algorithm characteristics to guarantee the
rigour and the statistical or physical meaning of the
extracted indices.
To ensure that the measurements are reliable, the
sliding window size is the key factor. In the biblio-
graphical research, it is noticed that feature extraction
in the temporal domain uses windows that should con-
tain a segment with at least 30 seconds of the ECG
signal (Acharya et al., 2006), although longer dura-
tion windows provide increased statistical relevance,
since more RR intervals are used.
However, it is necessary to understand that ex-
tremely large windows translate into a lower temporal
resolution. Hence, a compromise must be reached be-
tween the statistical perspective and temporal uncer-
tainty.
As for the features extracted from the frequency
domain, the time window should have a minimum du-
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ration of 2 minutes, enabling the computation of the
power values of the VLF, LF and HF bands. Shorter
windows translate into insufficient frequency resolu-
tions to distinguish the elementary components of the
spectrum in the different bands.
With a window of 2 minutes, however, informa-
tion about the ULF band is lost, which denotes some
importance in clinical terms. The user should increase
the duration of the window if the extraction of infor-
mation from this band is desired.
A simple presentation of the real-time HRV as-
sessment plugin interface is provided in this sec-
tion (HTML and JavaScript functionalities), from the
user’s point of view. The graphical interface is intro-
duced in order to facilitate the access to the different
functionalities of the platform.
In the case of HRV monitoring, parameter con-
figuration for the algorithm is enabled through
OpenSignals. One of the key parameters is the filter
choice and configuration (high-pass, band-pass, cut-
off frequencies, etc.) (see fig. 3).
Furthermore, time domain characteristics such as
sliding window length and window overlapping can
also be set.
Figure 3: OpenSignals HRV configuration.
In order to start the processing of the signal, sev-
eral samples are required. Hence, some warm-up time
is necessary before presenting the first visualisation
plots (fig. 4).
Right after the obtention of the first plots, the user
can choose which are the features of interest for the
HRV study. The real-time HRV analysis plugin is
based on a sliding window approach. Every consec-
utive window is responsible for the computation of
single values that make up the temporal series of fea-
tures.
The sliding window concept is illustrated in fig. 5
example. Window duration values in the example are
merely illustrative. When processing HRV data, the
window duration is always set to values greater than
t = 30s.
Figure 4: OpenSignals HRV warm-up.
Figure 5: OpenSignals HRV sliding window.
The signal acquisition and analysis can be inter-
rupted or reset at any time, changing the configuration
when needed. The software allows the generation of
report files that summarise the signal features of in-
terest.
4 DISCUSSION
The online access to features allows to set further de-
tection mechanisms and thresholding to detect prede-
fined conditions directly during acquisition. Track-
ing of the features and their evolution is possible, as
plots are built and shown dynamically through the in-
terface.
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Regarding features obtained in real-time, some re-
marks are needed. On the one hand, there is an im-
portant limitation on the window sizes. Frequency
related features pose the question of the need for a
minimal warm-up phase (so that spectral representa-
tion is relevant). Features such as nonlinear Poincaré
measures can be remarkably affected when values be-
low 5 minutes are used as window lengths. Further
research is needed to support the idea that low values
do not compromise nonlinear features. There is no
reason to think that feasibility of the online procedure
is further compromised once these requirements are
met.
On the other hand, our preliminary tests on ac-
quired data show relevant differences between the
tachograms generated by the two methods (on-
line/offline). This is solely a consequence of working
with a simpler peak detection algorithm. Our priority
for further development is, hence, the implementation
of the robust R-peak detection algorithm (J. Pan and
W. Tompkins) providing not only a more precise de-
tection but also fewer false R peaks.
In order to guarantee that the online approach
provides meaningful information, a validation step
against offline treatment is needed. Once peak de-
tection is updated, the procedure consists in the ap-
plication of both processing methods (online and of-
fline) to the same collected data samples. Each of
the two methods provides a set of peaks and features
that are to be compared. Taking offline peak detection
as a reference, comparison of the two algorithms is
achieved by computing the amount of wrongly placed
peaks. Once tachograms are generated, an align-
ing process takes place by the use of standard cross-
correlation procedures. Tools such as Bland-Altman
plots, which are frequently used in new ECG acqui-
sition approaches against well-established reference
procedures, provide statistical insight to analyse our
implementation.
Into this regard, frequencies (Fs ≥ 1000 Hz) guar-
antee the best peak detection. The need for valida-
tion with sufficiently large ECG databases has already
been identified. Widely used Physionet databases
with healthy ECG recordings such as the MIT-BIH
Normal Sinus Rhythm (Goldberger et al., 2000) are
possible candidates for this task. In accordance with
frequency requirements, interpolation preprocessing
of signals may be necessary.
In the first line of implementation, measures of
cardiac variability studied were essentially linear,
with the exception of Poincaré Analysis. This is done
considering that some non-linear parameters could be
incompatible with a real-time analysis methodology
due to their greater computational complexity.
Further developments could include the explo-
ration of more complex and robust parameters,
namely the determination of the approximate entropy
of the HRV signal, provided it can be realised in
an online system. This would allow to identify ob-
jectively which is the degree of complexity of the
tachogram through a quantitative result (higher val-
ues denote a greater complexity and irregularity of
the time series, that is, a greater cardiac variability).
The interest of this measure lies on the capability to
overcome the limitations of the linear measurements.
Considering that the heart rate modulation is the re-
sult of the interaction of several physiological sys-
tems and mechanisms, there is an intrinsic underlying
non-linear behaviour, only accessible by these means
(Singh and Kaur, 2016).
5 CONCLUSION
HRV continues to trigger the interest of the scientific
community nowadays. This is particularly relevant
in the context of sports research, considering the cen-
tral role of the cardiovascular system in athlete perfor-
mance and establishing cardiac variability as an indi-
cator of the adaptive capabilities of the organism.
Recent studies, such as (Paliwal et al., 2016;
Schmitt et al., 2015; Schmitt et al., 2016), illus-
trate the potential of HRV assessment. Real-time
analysis research, e.g. (Lv et al., 2015) and (Tsun-
oda et al., 2016), present sliding window based ap-
proaches more in line with our contribution. The
works of Lv and Tsunoda are two examples of the
informative potential of the HRV, leading to the iden-
tification of cardiac pathologies and the measurement
of the cognitive efficiency.
The processing functionalities described in our
work provide a quick and adjustable real-time anal-
ysis of HRV. This allows the information contained in
the acquired signals to become meaningful. Our test
implementation shows that feedback during the acqui-
sition can be achieved with real-time processing, of-
fering additional information that complements HRV
monitoring towards a prognosis focused view.
The HRV online plugin is an initial approach on
translating information processed by an offline plu-
gin into real-time logic. Despite the limitations arisen
throughout our study and the further developments
needed, the structure of the presented approach is al-
ready well established, namely the system of user-
defined sliding windows.
Due to the fact that this is an ongoing research,
many future modifications are envisioned, as dis-
cussed in the previous section. A following direc-
BIOSIGNALS 2018 - 11th International Conference on Bio-inspired Systems and Signal Processing
214
tion could be the application of the same develop-
ment guidelines to other types of signals, such as
the implementation of the EMG plugin for real-time
processing. As discussed before, this opens a wide
range of application development in areas like high-
performance sports and the detection of threatening
heart conditions.
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